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ABSTRACT

Author: Leitch, Stephen, R. PhD
Institution: Purdue University
Degree Received: May 2018
Title: Web Site Analytics: The Potential for the Transformation of a Restaurant’s Marketing
Strategy - A Case Study of a Casual Dining Restaurant in the Midwest.
Major Professor: Dr. Howard Adler and Dr. Sandra Sydnor

The purpose of this research is to show independent restaurateurs the value that Web site analytics
can have on providing data about the visitors to their Web site and the marketing opportunities
these data provide. The study surveyed customers about their restaurant Web site browsing
behaviors and analyzed Web site analytical data of a casual dining restaurant in the Midwest.
Analysis was conducted using t-tests and analysis of variance. Findings indicated that certain
browsing behaviors were associated with an increased number of reservations and visitation to the
restaurant Web site prior to dining impacted average check.

The study is the first in the context

of an independent restaurant and offers the opportunity for further research to be conducted.
Implications, limitations and recommendations for future studies are also discussed.
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INTRODUCTION

Background
The advent of information and communication technology, in particular the Internet, has
changed the way consumers shop and how businesses sell (Daries, Cristobal-Fransi, FerrerRosell, & Marine-Roig 2018). The Internet can be used to level the playing field for small
businesses with the ability to compete at a global level with larger businesses. Selling a product
online (e-commerce) is relatively easy, and with the introduction of multichannel marketing,
sellers can potentially expose their products to millions over the Internet (Du, Cui, & Su, 2018).
This information technology-intensive environment (Hua, Morosan, & DeFranco, 2015)
is not new to the service industry. Starting as early as the 1960s, hotels used computer
reservation systems and the travel and tourism industry global distribution channels (Hua, 2016).
However, the rapid development of technology, especially those that are built around the
internet, social media, and cloud computing, has meant that it has brought fundamental changes
to the industry (Hua, 2016). In particular, the increased competitiveness (Council, 2001) costs
savings, and consumer adoption of e-commerce has changed the industry forever (Hua et al.,
2015). The benefits are well documented (Hua, 2016) but this is now a fundamental platform for
all business transactions and interactions between customers and businesses. It is no longer just
a selling platform; rather, it provides critical support to three areas of a business: marketing,
performance, and flow between the organization and the marketplace (Hua, 2016; Zhu &
Kraemer, 2002). Today e-commerce is the most fundamental media for customer-business
interactions. However, hospitality businesses are still reluctant to adopt new technology, with
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the research showing large gaps in how the hospitality industry and e-commerce work together
(Hua, 2016).
One barrier to adoption is that services, such as those offered by the hospitality industry,
are more challenging to sell online; it is more difficult to track conversion (from browsing to a
sale), know exactly who the potential customer is, and understand what drives a customer to
purchase a service (like a meal in a restaurant) without the sale being completed online
(Narayanan & Kalyanam 2015). The restaurant industry relies on survey data or Web site
evaluations using a model to determine the likelihood that customers will engage with a business
(Hua 2016). Such models have been designed by Morrison, Taylor, & Douglas (2005); Canavan,
Henchion, & O'Reilly (2007); Law, Leung, & Buhalis (2009); and Martin (2004). Although
these models have value, there is no agreed upon way of monitoring an analytical framework
(Law, Leung, & Buhalis, 2009) on how a restaurant Web site can best generate profit through its
Web site with research literature being scattered and fragmented in fashion (Hua, 2016).
Moreover, the lack of Web site analytical knowledge in the hospitality industry means
organizations are missing out on the marketing and competitive benefits that e-commerce offers
(Hua, 2016).
Using Web analytics, this research studies what a potential restaurant customer does
online and overlays that with behaviors of customers in the restaurant (from a survey). These
data are looked at through a Midwest casual dining restaurant. Ultimately this could help
businesses realize the performance advantages they can gain from e-commerce activity (Nevo &
Wade, 2010). The goal is to provide the restaurant industry with the understanding of how to use
analytics to test the effectiveness of their Web sites and also provide indications of the
demographics and behaviors paying and potential customers exhibit.
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Statement of Problem
The Internet has fundamentally changed how organizations conduct business (E. T. Chen,
2017). This change, coupled with the rate that technology is developing, has forced companies
to understand their online customer behaviors to improve their business models and increase
their competitive advantage (Hua, 2016). Although most hospitality businesses have recognized
the need to have online presence, many, especially independent restaurants, lack understanding
of the availability and potential of Web site analytics. Although other industries have been using
these analytics to improve their business and marketing efforts, no study has considered the
browsing behaviors of independent restaurant guests. Instead, studies have look at themes and
determinants of e-commerce performance (Hua, 2016), which means that independent
restaurants are not realizing the direct significance that data-driven decision-making has on their
business (Hua, 2016).
Purpose and Objectives of the Study
The purpose of this research is to show independent restaurateurs the value that Web site
analytics can have on providing data about the visitors to their Web site and the marketing
opportunities these data provide. Accordingly, the following objectives guided this study:

1. To explore the value and type of data available to restaurateurs about visitors to an
independent, nonchain, nonfranchise restaurant Web site.
2. To determine the differences in browsing behaviors between Web site visitors who make
online reservations and visitors who do not.
3. To evaluate if a relationship exists between Web site visitors and the amount of money
spent at a restaurant.
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Significance of Study
The lack of research related to Web site analytics for independent, non chain, non
franchise restaurants provides an opportunity for this study to make a significant contribution to
literature and also to fill a gap in the knowledge that hospitality managers have about data
analytics. Big data offers so much information that studies are needed to develop new
frameworks and theories that will impact the industry (Hua, 2016).
Independent restaurants are behind others in their use of Web site analytics. This opens
up the opportunity for a great amount of data that can help a business’s marketing efforts. It
does not need to rely on survey data to discover consumer preferences. Instead, by using Web
site analytical data, endless possibilities to track consumer behaviors and market to them with
specific targeted information, track the success of marketing campaigns and monitor the
effectiveness of an online presence.
The possibilities that mobile social media offers are also an exciting reality. Given the
number of mobile device users, the hospitality industry has much to gain from the technology
these devises contain and the amount of data available on each user. This research will allow
bridging the gap between user activities on Web sites and prove the impact it can have on a
restaurant’s bottom line.
In summary, potential implications these data provide to individual restaurants include
the following:


Show the volume and value of Web site analytical data available to restaurants.



Demonstrate the positive financial impact that a Web site can have on customers’
average checks.
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Provide restaurateurs with data on customers that will be valuable to them in
creating and monitoring their marketing campaigns
Scope of the Study

This study is an extension of previous studies that discuss the best practices of hospitality
Web sites. It expands beyond these fundamental themes by challenging and assessing the use of
Web site analytical data in the restaurant industry, especially how visitors use a restaurant Web
site, the significance that certain actions have on the level of purchase intention, the drivers for
Web site performance, and the impact they have on a traditional restaurant business model.
Organization of Study
The study is designed to examine the behaviors of visitors to a restaurant Web site using
the methods of a quantitative survey and Web site data mining. Chapter one introduced the
research background, significance of the study, objectives of the research, and the potential
contributions of this study. Chapter two reviews the literature on ‘big data,’ site analytics,
technology in the hospitality industry, and the use of analytics data as a marketing tool in the
restaurant industry. Chapter three describes the research design, instrument development and
statistical methods for data analyses. Chapter four shows the research finds. Chapter five
completes the study by providing a summary of these findings, discussions, implications,
research limitations, and recommendations for future research.
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LITERATURE REVIEW

The Restaurant Industry
Small and medium-sized businesses are the backbone supporting the economy of most
countries; they provide significant economic development and substantial employment
(Karanasios & Burgess, 2006) with over 80% of worldwide development attributed to them
(Gilmore, Gallagher, & Henry, 2007). As Kriechbaumer & Christodoulidou (2014) describe in
their case study of Dubai, small businesses are a key factor in building a suitable and dynamic
tourism business.
The restaurant industry, largely made up of small businesses, generated $800 billion in
revenue 2017 and employed 10% of the workforce, and encompasses a structure where 7 of all
10 restaurants are independently owned and operated, (Dixon, Miscuraca, & Koutroumanis,
2018). Since 2012, a trend for the public to frequent independent restaurants instead of going to
chain restaurants has appeared (Dixon et al., 2018). The latest economic data show that 454,695
independent restaurants and 224,266 chain restaurants are in operation in the United States (CHD
2018). However, nine of ten restaurants still fail within the first year of operation. With thin
margins, the restaurant industry remains one of the most competitive industries in the world
(Dixon, Miscuraca, & Koutroumanis 2018.
Use of the Internet and E-commerce
The Internet has changed the way customers research and buy products and services; so
for one to discuss the power of the Internet “is to state the obvious” (Litvin, Blose, & Laird,
2005). Its popularity has grown to more than 2.8 billion users worldwide (Meeker, 2015). It has
become the main source of information with most information-gathering activities now taking
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place online (Curme, Preis, Stanley, & Moat, 2014; Kamvar & Baluja, 2006; Zhang, Chen, &
Wei, 2016). The type of search done on the Internet is vast, but the same process of removing
irrelevant information and useful information is extracted (Zhang et al., 2016). Searches now
using it provide images, applications, and products, as well as traditional text and links (Zhang et
al., 2016). This provides the consumer with an easy and accessible tool that supports the
decision-making process.
The advent of the Internet has also given a way for small businesses to attract customers
to their products and services and compete with larger entities (Kriechbaumer &
Christodoulidou, 2014). “Low financial requirements, availability, target marketing flexibility,
reach, and customer involvement” (Kriechbaumer & Christodoulidou, 2014) are some of the key
reasons small businesses use the Internet (Internet Marketing) to exchange with potential
customers, making it an important device in a small business marketing tool kit (Elliott &
Boshoff, 2009); (Sozinova & Fokina, 2015). In the e-commerce world, potential customers
search for product information before making a purchase decision (Huang, Lurie, & Mitra, 2009;
J. B. Kim, Albuquerque, & Bronnenberg, 2010; Liu, Xiong, Papadimitriou, Fu, & Yao, 2015).
With the Internet used as an information source that could reflect consumers’ purchase intentions
and affect their choices (Jabr & Zheng, 2013), businesses recognize that they need a Web site as
a channel to promote their brand reputation, doing business and communicating with consumers
(Namkung, Shin, & Yang, 2007).
The availability and use of the Internet by consumers has also changed how tourism and
hospitality businesses operate (Ho & Lee, 2007; Murphy, Chen, & Cossutta, 2016). The
technology it offers has become an essential part of the service industry. Within travel and
tourism, consumers are using it to preplan and book accommodations, travel, and other services,
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such as car rentals. Recent statistics show that 71% of independent travel bookings are done
online and 36% of package tours booked online (Schuckert, Liu, & Law, 2015). Furthermore,
customers use the Internet to provide reviews of the services they receive at hotels, restaurants,
and other hospitality businesses (Kaplan, 2015). In 2014, Yelp.com reported they had 61 million
reviews and 138 million active visitors per month (Zukin, Lindeman, & Hurson, 2017).
The restaurant industry has also been impacted by Internet innovation (Miranda, Rubio,
& Chamorro, 2015) with consumer searching for restaurants, reviewing meals, and ordering food
online. In the past 10 years, online food ordering has become a significant trend in the restaurant
industry. A business can offer the ability for consumers to order through their Web site, mobile
app, text message, and through a social media interface such as Facebook (Kimes, 2011). A
study by Laque (2011) looked at the largest 326 restaurant chains in the US to research whether
they had online ordering capability and to rate its effectiveness. Although no upscale restaurants
were recorded as having an online ordering system, other segments did; fast casual 48.5%, quick
service 22%, casual 18%, and midscale 8.9%. Although the restaurant industry has utilized
online ordering, upscale restaurants do not typically offer a product that is complementary to
online ordering as personalized service, and on-the-go food is not always inline (Laque, 2011).
The Internet also offers consumers the ability to make a restaurant selection and product
decisions (Yilmaz & Gultekin, 2016). As such, a restaurant Web site is considered a prominent
source of information for consumers (Daries, Cristobal-Fransi, Ferrer-Rosell, & Marine-Roig,
2018) With this demand, many restaurants have made efforts at establishing an online presence
to provide potential consumers with as much information as possible (H.-S. Kim, Lee, Lee,
Joung, & Yuan, 2012). If the information consumers seek is not complete or readily available, it
can create a negative opinion about the restaurant (Yilmaz & Gultekin, 2016). One example of
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this is the low level of implementation of online reservations and payment systems (Daries et al.,
2018). Specifically, some restaurants do not take advantage of this kind of interactivity, which
limits their ability to interact with potential customers (Daries et al., 2018; Miranda et al., 2015;
Oses, Gerrikagoitia, & Alzua, 2016).
Hospitality businesses have realized that having a Web presence and offering
products/services for sale online are necessary to maintain a competitive advantage. Many
chain restaurants have taken advantage of online data available to them as a and cloud computing
to track diner preferences, personalize the guest experience and improve menu performance ("6
Customer Analytics Solutions for Restaurants | Street Fight," 2018).

Furthermore,

participating in e-commerce activities is essential for many hospitality sectors such as hotels and
the travel industry. Restaurants, especially large chains, are increasingly offering online
ordering, sales of merchandise, and the ability to make online reservations. Restaurant Web sites
are a highly important information source for potential customers. They can create a positive or
negative perception about the restaurant before a customer even visits (Yilmaz & Gultekin,
2016). It is essential that restaurants provide information to consumers quickly and easily
(Daries et al., 2018); otherwise they risk losing a customer.
Use of Web Sites in Hospitality
The main purpose of a business Web site is to be used as a communications device to
connect with current and potential customers (Kriechbaumer & Christodoulidou, 2014). Second
is the ability to engage with customers via display information about the business, offering
products, and marketing to their needs (Canavan, Henchion, & O'Reilly, 2007). Lastly is as an ecommerce platform that allows a customer to purchase products or services offered by the
business (Hongyi Sun, Teh, & Chiu, 2012).
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Understanding the impact that content and Web site design has on the effectiveness of a
site is very important. Many studies have considered this with new evaluation methods being
created that include advanced technology, such as eye tracking and facial reading (Bigne,
Llinares, & Torrecilla, 2016; Brocke, Riedl, & Léger, 2013). The most frequently used methods
are based on self-reporting surveys, experimental evaluation, and content analysis (Chiou, Lin, &
Perng, 2010; Morosan & Bowen, 2017).
The business Web site is at the center of online activity and represents the core of a
business’s online offerings (Kriechbaumer & Christodoulidou, 2014); it is of special importance
for hospitality businesses (Kung & Zhang, 2012). A Web site is an expected feature; consumers
expect it to exist. That small and medium-sized businesses have placed considerable importance
on developing an online presence is no surprise. (Kriechbaumer & Christodoulidou, 2014).
From a strategic standpoint, investing in e-commerce can offer significant competitive
advantages (Hua, 2016). Many businesses realized this through business research focused on
the adoption of an e-commerce strategy (Hua et al., 2015).
Web sites are advertising platforms (Singh & Dalal, 1999), and the users are consumers
(Geissler, 2001). They are selling platforms designed to convert browsers to customers. This
can be a product (purchasing an item on Amazon), a service (booking a table in a restaurant) or
signing up for an e-mail and other interactions (Huang Kuan, Bock, & Vathanophas, 2005).
Given this goal to sell, businesses must acquire the knowledge, technology, and skill to convince
a consumer to spend money. In other words, convert them from being a potential consumer to a
customer that purchases. However, customers do not use e-commerce Web sites the same way
they use traditional stores. They now use the Internet to gather information, evaluate products
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and services, consult others online for their opinion all while being exposed to several marketing
strategies (Song, Sahoo, Srinivasan, & Dellarocas, 2016).
The quality of Web sites are not always up to par in the hospitality industry because
companies typically face resource issues and lack of Web site building knowledge (Q.-y. Chen &
Zhang, 2013). Besides the need and recognition for a business Web site, an increase in the
recognition of Web based marketing within the hospitality industry (Lau, Kam-hon, Lam, & Ho,
2001).

Creating and delivering customer value is at the core of any business strategy and

requires research to provide value propositions consistent with customer expectations and needs.
Therefore, businesses need to gain insights into customer behavior, preferences, and the products
or services that customers purchase and use. Understanding the customer’s perceived value, the
ability to forecast future value perceptions, and the capability to address unique customer
requirements are central elements in developing and sustaining a competitive advantage (Nicola
et al., 2014).
Much of the literature regarding customer online activity in hospitality (with less in the
restaurant business) has been focused on building models of ‘excellence’ that are quite likely to
produce a quality customer experience and increase the likelihood of a transaction. In the travel
and tourism industry, it is relatively easy to evaluate the effectiveness of a website; the
conversion of a sale is the major indication. However, in restaurants, because the transaction
does not always happen online, the purchase cycle is not complete until after the meal is
complete. This is termed as the ‘experience good’ (Bei, Chen, & Widdows, 2004). This has
implications for the industry because it relies on the evaluations of a site to establish the
likelihood of a transaction. As Namkung et al. (2007) discuss, this does not exempt restaurants
from creating a quality site; it just makes it more difficult. Nevertheless, it is important to
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understand what makes a Web site effective; this will increase the engagement of customers and,
ultimately, the performance of the company (Hua, 2016).
The Web site design should mirror classic marketing techniques. The most important of
these include segmentation, target marketing, and positioning. The idea of building a site and
customers will purchase from it is not valid, especially in a very competitive industry where the
consumer holds a lot of buying power (Geissler, 2001). Although no agreed set of standards is
upheld, lessons can be learned from information system research. The most discussed and
respected is a model by DeLone and McLean (DeLone & McLean, 1992; Delone & McLean,
2003). Because a retail storefront is essentially the information system of Web users, we can
argue that the intention to purchase corresponds with the information system’s success (Huang
Kuan et al., 2005).
The most important usability attributes are system, information, and service quality. The
system quality includes such items as ease of navigation, accessibility (on all devices), response
of the Web site, consistency of layouts, speed of checkout, and visual appeal. Information
quality refers to the accuracy of information, timeliness, format, relevance, and
understandability. Lastly, service quality refers to the clarity of security and privacy policies,
ease of product search and comparison, and interactivity (Huang Kuan et al., 2005).
An effective site provides an improved customer experience that increases the likelihood
of a transaction (Pallant, Danaher, Sands, & Danaher, 2017; Park & Chung, 2009). However,
with a restaurant consumer not experiencing and purchasing the final product until he is dining in
the restaurant, Web site effectiveness does not offer a complete marketing data set. Neither does
gathering survey data on perceived site effectiveness indicate if a restaurant it is effective
(Morosan & Bowen, 2017).
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Knowing now that customer use of the Internet to interact with businesses and that an
effective Web site plays a critical part, businesses need to understand its effectiveness. To do
this, a business can access customer Web site interactive data using click-stream data (Q. Li,
Xing, Liu, & Chong, 2017) . These data can help businesses better understand the effectiveness
of the site, consumer behavior, and purchase intentions (Curme et al., 2014).
The Web site as a Decision-Making Tool for Consumers
A business owner would be excited to have a set of tools at his disposal that provides
insight into the operation because it is generally accepted that good insights result in better
decisions (Sharma, Mithas, & Kankanhalli, 2014). As powerful as this is, it is critical that
managers transform the insights into decisions (Sharma et al., 2014) and move from deliberation
and commit to a specific strategy and plan of action (Davis & Devinney, 1997).
Analytics do not provide insights automatically or provide a strategy for success. Rather,
a manager must bring his knowledge and use a process of analysis to unearth information.
Analytics allow a team to engage in a process called ‘datafication,’ using the data to understand
the information that the data signifies (Lycett, 2013). After the process, decisions can be made.
Because of the nature of ‘big data’ and the ever-increasing amount of e-commerce
analytics, the information can be cumbersome and difficult to handle. Therefore, as with
complete data sets with which managers attempt to and draw conclusions, we find the increasing
availability of charts that highlight patterns, relationships, and trends (Q. Li et al., 2017; Plaza,
2011)
These frames are provided in a user-friendly manner through tools such as Google
analytics. Business owners and marketing staffs can use the data to make effective and quick
marketing decisions and improve the quality of these decisions (Sharma et al., 2014). Data are
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presented in a dashboard format that provides a visual representation of data, such as clickthrough rates, conversions, bounce rates, and top entrance and exit pages (Hua, 2016; Kenny,
Pierce, & Pye, 2012). The visual, real-time, and comprehensive, yet easy to understand
information, assists companies to make decisions (Plaza, 2011).
The value of having this is evident in the industry. Profitable organizations that make
decisions based on analytical data more than double their profitability of lower-performing
organizations (Lycett, 2013). In an e-commerce setting, decisions of Web site design are the
most exciting pieces of information that marketers can use. Rather than relying on best practices
or hunting for patterns, analytics can be used to make site layouts and design the most effective
for the purpose (most likely conversion).
Using a Web site as a Marketing Tool
With the availability of analytical data, the challenge now sits on how businesses can use
these data to make decisions. Clearly decision-making based on actual user data is a powerful
tool for a business owner. However, the use of Web site analytics in business (not just ecommerce) has not only become central in providing information that allows for decisionmaking, it has a prominent role in developing and executing an effective marketing strategy.
Several tools can be used as a result of analytics. These include (Akter & Wamba, 2016):


Personalization, which is targeting customers with individualized product
offerings and unique pricing.



Cross-selling, which references offering products similar in features, but higher
priced.
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Dynamic Pricing, which shows a different price for each customer depending on
their previous browsing behaviors.



Predictive analysis that anticipates browsers’ next move based on complex
algorithms.



Retargeting, which shows advertising to customers hours and days after they have
viewed the product (but did not purchase) on a different Web site.

Personalization, cross-selling, and predictive analysis use the data (analytics) to supply
visitors with product suggestions based on their browsing behaviors and demographics. A type
of predictive modeling technique used by Amazon is called ‘you might also want,’ through
which Amazon has claimed that 30% of its sales are generated through this tool (Manyika et al.,
2011).
Dynamic pricing and segmentation use analytics data to provide separate pricing tiers and
selection to users on a site based on competitor’s data and user behaviors. Macys.com reprices
products 73 million items an hour (Davenport, 2012) and Automercados Plaza changes prices
automatically based on sell-by dates, time of day and week (Schroeck, Shockley, Smart,
Romero-Morales, & Tufano, 2012).

Retargeting, a very powerful marketing tool, is a relatively new product of analytics.
This is the process by which a company tracks a user’s activity and then uses their browsing data
to market products they are very likely to be interested in, as well as products for which they
completed no transaction (cart abandonment).
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Business Intelligence and Analytics
Business intelligence and the field of ‘Big Data’ have increasingly become more
important to businesses (Sozinova & Fokina, 2015). The value that a business can create by
using big data has generated much discussion. This is not a new phenomenon; in the 1980s
Zuboff (1985) coined the phrase “informate” to describe the data capabilities of technology.
Today, vast amounts of data are available because of technology. Organizations can better
understand their own business and market better than even before. With organizations looking
closer at their businesses, the competitive landscape is becoming more complex with them
offering as much value to their customers as possible (Wixom, Yen, & Relich, 2013).
The concept of Business Intelligence and Analytics (BIA) has been around since 1989
with it becoming a part of the everyday language of businesses since then (Lim, Chen, & Chen,
2013). BIA is the “technology, systems and applications that analyze critical business data to
help an enterprise better understand its business and market” (Lim et al., 2013). The goal being
to provide managers and business owners with the data they need to make business decisions.
Many types of data are now considered ‘big.' These include security and public safety,
technology, government, health, science, and e-commerce. These data sets offer the opportunity
to improve significant issues, including public safety, health, and major scientific impacts.
However, the availability of big data comes mainly from online data (Akter & Wamba, 2016), ecommerce, social media, and search engines that have changed the retail industry and the way
companies make decisions and market to their customers.
Since the 1990s, the internet has been a major source of BIA that has made available new
types of data sets that represent consumer behaviors (Noone, McGuire, & Rohlfs, 2011). The
‘footprints’ that consumers leave show their browsing and purchasing patterns (Lim et al., 2013).
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Web analytics are defined as the “assessment of a variety of data, including Web traffic, Webbased transactions, Web server performance, usability studies, user-submitted information, and
related sources to help create a [generalized] understanding of the online visitor experience”
(Pakkala, Presser, & Christensen, 2012). Web site analytics, a form of Big Data, is a digital
footprint left by visitors and customers on a business Web site. These data reveal consumer
behaviors and even habits and offers a powerful tool to answer this question: “Who are my
customers?” (Q. Li et al., 2017). Organizations who use this method to collect data are better
able to target potential customers and use the data as a key part of their strategic decision
making.
Organizations realize that the data they collect can be used to differentiate them from
their competition. By analyzing Web traffic data taken from a Web site, the site’s owner can
understand a user’s clicking behavior and employ this information to gain a competitive
advantage by trying to predict their purchase intentions (Karanasios & Burgess, 2006).
Analytics have been used for many years in the online retail industry to track customers, create
customer segments, understand their behavior, and increase online conversion rates. For
example, eBay, like many other top 500 Internet retailers, use Web site analytics in their
decision-making process. They run hundreds of thousands of experiments every day with Web
site design to determine the optimal layout of products, picture sizing, navigation, price and other
information (Manyika et al., 2011). Another popular decision-making tool driven from analytics
is sentiment analysis. This allows a business to test in real time the response of customers to a
marketing campaign and make adjustments as required (Akter & Wamba, 2016). This is
especially useful in the evolving relationship between social media and retail; consumers
increasingly rely on peer sentiment and personal recommendations (Manyika et al., 2011).
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Retail companies have also been able to use analytical data to predict customer behavior.
This is known as predictive analytics (Mirzaei & Iyer, 2014). The prediction results assist an
organization in understanding the relationships between different pieces of data and provide
rationale among customer behaviors. It also flags potential shortcomings in advance, enabling
data-driven decisions during customer interactions. Making decisions by use of analytics is very
different from the way business decisions were made in the past. Traditional methods provided
trends based on historical data. (Mirzaei & Iyer, 2014). These real-time multidepartment
predictions are valuable in lowering customer acquisition costs because they are quite likely to
result in a satisfied customer that will be loyal to an organization.
All this activity, analysis, and model building have brought about a new term, ‘lifetime
customer value’ (Winer, 2001). Although the discussion of customer acquisition cost is still
alive and well, tech companies, with their abilities to analyze customer data in a highly
inexpensive fashion, are looking at customers as long-term profitability centers. They do this by


Increasing the number of products through cross-selling



Increasing the average sale with up-selling



Reducing product variable costs



Reducing customer acquisition costs (Winer, 2001)

This loyalty and reduction in the cost of customer acquisition has been seen in many
organizations.

For example, AT&T offers different levels of customer service depending on the

type of customer (Winer, 2001). Potential customers and customers highlighted as profitable
customers receive personalized service, and less-profitable customers get automated service.
FEDEX has a similar model where new customers receive competitive rates and low-volume
customers receive higher rates (Winer, 2001).
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Although effective in other industries (retail, hotels, and tourism) that have a clear
conversion (sale) online, the restaurant industry lacks a clear link between browsing to
conversion. This is a barrier from utilizing Web site analytics as part of their marketing strategy.
Also, many independent restaurants are not aware of the presence of these data or how to use
them. Using clickstream data collected by a system, such as Google Analytics, provides the
opportunity for a restaurant owner and manager to understand the activities of visitors to their
Web sites, providing them with valuable market research. However, if a restaurant has online
reservations or other purchase options, this market research is then enhanced because it indicates
what behaviors, types of customers, and social media activities lead to a conversion.
Furthermore, visitor profiles are created that tell owners and managers who specifically is
visiting a Web site, who makes a reservation or purchases a product, and who is dining in the
restaurant. Customer profile data have never been available to independent restaurants without
asking customers. Essentially, these data allow restaurants to ‘secretly listen’ to consumer
voices (Bunker, Rawwas, & Bartholomew, 2016). Using these data offers a significant
competitive advantage in a highly competitive environment (Hua, 2016; Hua et al., 2015). A
hospitality business can use the data to understand who is visiting their Web site. The
effectiveness of doing this allows a site owner to build profiles of potential customers.
In the retail environment, Moe (2003) looked at store navigation behavior using clickthrough data to classify Web site visitors into four categories: direct buying consumers, search
and deliberation visitors, browsers, and knowledge builders. Huang et al. (2009) looked at the
differences in search patterns between goods and experienced goods. Profiles are built on search
behaviors and the products eventually purchased. However, there has been increased interest in
studies that focus on customer engagement, not just customer transactions, because much can be
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learned from this information (Bijmolt et al., 2010). It gives a better picture of the customer life
cycle: acquisition, development, and retention. This is significant because customer engagement
is connected to customer value management (Lemon & Verhoef, 2016), which aims to
maximize the value of an organization’s customer base (Bijmolt et al., 2010). However, value
management links the value of a customer to customer outcomes as a transaction or future
transaction; whereas research in customer engagement suggests that all customer behaviors and
engagements need to be considered (Bijmolt et al., 2010).
A recent exploratory study asked participants to search for information on the Internet
and recorded user behaviors (Becker, Bastien, & Drusch, 2015). By using analytics and
analyzing the data they were able to identify Web site user patterns and classify visitors into
three groups that described their level of interest in the site; low, medium, and high.

The

variables considered were re-visitation rate, navigation route, inclusion of social media, time
spent on page, time spent on a Web site, typologies of users, number of clicks, amount of page
scrolling, time to complete a task, using the backspace button, and number of pages visited
(Becker et al., 2015). The indicators will be different for each type of business; however, they
are all linked to increased retention and purchase intention (Chokrasamesiri & Senivongse,
2016). Despite there being research in other industries, there is very little academic research on
restaurant visitors’ online behaviors, demographics, or profiles, even though large restaurant
chains are already using this information and creating valuable market segments, such as age,
gender, and income level ("Data: The Most Important Ingredient," 2015). Industry publications,
however, are packed with tips and advice for creating a robust online presence as well as
highlighting the importance of restaurateurs to ask questions about their visitor browsing
behaviors.
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A study that looks at the different browsing behaviors of visitors and customers to
restaurant Web site is needed (Narayanan & Kalyanam, 2015). With their being a plethora of
data available in Web site analytical software, it is necessary to pull out the most important Key
Performance Indictors (KPIs) (Ahmed et al., 2017). There is no standard rule that all Web sites
are to follow but is has been established that the conversion rate is one of the most important
KPIs in relation to revenue (Ahmed et al., 2017). With that established, and the knowledge that
all businesses are different, many organizations have explored what other KPIs have impacted
the conversion rate. The bounce rate is one of the first variables reviewed by e-commerce
analysts when looking at differences between interested and non-interested browsers (Google,
2017). It indicates if the Web site is of interest to a visitor as well as if there is a potential
performance issue with the site (Stadnik & Nowak, 2017). Differences in bounce rate have been
found in the hotel industry. A recent study showed that the bounce rate is lower on 3rd party
booking portals than hotel Web sites (de Carlos, Araújo, & Fraiz, 2016). Another study of a
coffee company in Hawaii was able to use the bounce rate variable to identify customer
segments and improve conversion rate (Yokota, 2016).
The operating system and devices used to access a Web site have also become a factor
that business owners use to distinguish between visitor types. A study sponsored by the research
firm Chadwick Martin Bailey and reported by Constant Contact (Pinkham, 2013) found that iphone users were more likely to browse a restaurant Web site than non-iPhone users. Another
study by Confluent Forms in 2015 showed that 48% of restaurant Web site visitors used a
desktop computer with 42% using a mobile device (Kutcher, 2015). Although different for each
business (Ahmed et al., 2017), these types of results provides important marketing information
for businesses. An organization can begin to group users together based on consumer trends
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(Erevelles, Fukawa, & Swayne, 2016) . For example, a medical study showed that there were key
differences in personality between iPhone and Android users. iPhone users were more likely to
be female, younger, less honest and have higher level of emotionality (Shaw, Ellis, Kendrick,
Ziegler, & Wiseman, 2016).
Another key browsing behavior important for determining conversion, is the day of the
week a user accesses a website (Google, 2017). By analyzing Web site traffic a pattern will
develop showing the days of the week that are associated with the most visitors (Kreinberg,
2017). Businesses have been taking advantage of this data for many years. For example the
airline industry changes the pricing of products based on the day of the week that a person is
travelling and when they are searching for information (Souza, 2014). Similarly, restaurants can
determine which day of the week their website is the busiest which can indicate the type of
visitor (business or pleasure) and when potential guests are making dining decisions (Kreinberg,
2017).
Combined with conversion, these KPIs are important variables that an independent
restaurant can use to determine what specific behaviors and actions are associated with an
increase in the number of reservations. As there is no universal standard that can be applied
across all business types, it is important that a business determine the specific KPIs that are
significant to them (Ahmed et al., 2017). Therefore the following hypotheses are proposed:

H1a: A reduced bounce rate is associated with an increase in the number of reservations made
online.
H1b: Different operating systems will be associated with an increase in the number of
reservations made online.
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H1c: Different devices will be associated with an increase in the number of reservations made
online.
H1d: Different days of the week will be associated with an increase in the number of
reservations made online.
Purchase-Decision Process and Conversions
Businesses owners, regardless of the specific industry, have always been interested in
understanding the customer purchase decision process, enabling them to develop effective
marketing strategies (Song et al., 2016). Traditional brick-and-mortar stores analyze the
customer-purchasing process through a funnel, whereby a customer proceeds through the stages
of awareness, familiarity, consideration, and conversion (Song et al., 2016). Studies of consumer
paths to purchase date back to the 1960s (Farley & Ring, 1966). Much research has been done
on potential customer movements through physical stores, malls, and supermarkets to understand
consumer shopping behavior (Heller, 1988; Underhill, 2005). Recent work includes the use of
radio frequency tags on shopping carts (Hui, Bradlow, & Fader, 2009; Sorensen, 2003;
Syaekhoni, Lee, & Kwon, 2016) and Bluetooth devices on customer phones (Oosterlinck,
Benoit, Baecke, & Van de Weghe, 2017) to track consumer movements and their purchase
behaviors (Song et al., 2016). Since the increase in customers purchasing online the consumer
purchase funnel no longer effectively explains the shopper behaviors. Instead, the path to
purchase replaces the funnel to describe a more complex journey a customer now takes (Song et
al., 2016).
Many papers have been published that discuss the path to purchase in an e-commerce
environment (Song et al., 2016).

Most of it looks at what Web site features and consumer

behaviors motivate individuals to purchase. Many have produced models to analyze several
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attributes that contribute to a transaction. A common theme is trust and security; a company
needs to instill ‘trust’ within customers before they are apt to engage in transactions with a
business (Gefen, Karahanna, & Straub, 2003; Gu, Park, & Konana, 2012). Other works remain
that look at service marketing and how certain behaviors increase the likelihood of a visitor
making a purchase (Heshan Sun, 2010). The most basic indicators are time spent on the Web
site, number of pages visited, and traffic source (Bucklin et al., 2002; Moe, 2003; Montgomery,
Li, Srinivasan, & Liechty, 2004; L. Xu, Duan, & Whinston, 2014; M. Xu & Walton, 2005).
An empirical study was conducted in an online retail environment to test four levels of
Web site engagement: interaction, activity, behavior, and communication. The purpose was to
determine the how retail sites engage their customers while they navigate the site. Using
structural equation modeling, they were able to create a positive relationship between the
variables tested and an increased level of engagement. Its contribution showed the relevance of
engagement to e-commerce sites and how Web site attributes activate engagement (Pallant et al.,
2017). These attributes were time spent on site, types of pages viewed, number of pages, and
product categories browsed.
Another study tested the relationship between site visitation and intention to visit museums
(Pallud & Straub, 2014). The researchers wanted to determine what Web site characteristics
contributed to a site user visiting the museum and if the sites were encouraging people to visit.
They found a direct relationship between visiting the site and intentions to visit the museum.
The implication of this suggests that if a user has a good experience on the Web, they have a
stronger interest in visiting the museum (Pallud & Straub, 2014). Like restaurants, museum Web
sites exist mainly to provide information to potential visitors; this unlike the purpose of online
retail stores, which is to enable a transaction. Despite this difference, both exist to generate
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revenue; a Web site visitor is a potential customer seeking product information with a possible
intention to purchase on or off-line, but not a user (Chiou et al., 2010) . As an example, tourism
organizations provide online content, such as videos, reviews, pictures, and other media, but their
ultimate goal is to attract more visitors to their area (Pallud & Straub, 2014).
Within the hospitality industry, a tourism study, although dated, also found that those users
who spent more time viewing a travel site purchased more products and services (Moe 2003).
Additionally a report in the Washington Post showed that diners visit a restaurant website to
gather information like the location, hours and the menu (Krystal, 2015). If a website does not
show the important information upfront then diners will likely choose another site. Web site
features associated with reduced interest in dining in a restaurant are naming the menu page
words like “cuisine” or “fare”, creating too many pages that make is cumbersome to find
information, and taking up too much space with items of little value like large pictures and logos
(Krystal, 2015).

Park and Chung (2009) did find that the fewer pages viewed increased the

chance of a purchase but this is the extent of the academic restaurant industry related material.
To discover and fill the research gap if the time spent and number of pages impacts an intention
to purchase, the following hypotheses are proposed:

H2a – A positive relationship in time spent on the Web site and the number of reservations made
online
H2b - An inverse relationship in several pages (page-depth) visited on the site and the number of
reservations made online
H2c - A positive relationship in time spent on the restaurant menu page and the number of
reservations made online

26

Although already mentioned as influencing conversion (Pallant et al., 2017), the traffic source
warrants further discussion. The traffic source is how a visitor arrives to a Web site. This could
be direct (a visitor types in an address), as the result of an internet search or from a referring Web
site. Knowing where visitors arrive from helps business owners understand the important
question of where their customers come from and discover if visitors from certain traffic sources
generate more valuable customers. This value could be increased average check, higher
conversion rate or greater repeat visitor rates.
A tourism study looked at the impact different traffic sources had on site visit returns.
They found that direct visitors were more valuable followed by search engine visitors then thirdparty sites (Plaza, 2011). In the hotel industry, a visitor intercept survey showed that 32% of
visitors used a CVB website to link them to hotel sites; indicating that a CVB website is a
valuable traffic source for hotel websites in the USA (Yang, Pan, & Song, 2014). Although no
link to conversion had been measures, the software development firm, Confluent Forms reported
that 53% of restaurant website browsing sessions started with an internet search (Kutcher, 2015).
Consequently, the traffic source variable is a potential candidate variable for associating with
increased conversion. In other words, different website traffic sources could be more valuable
that others for independent restaurant websites. Therefore, the following hypothesis is proposed:

H3 -- Different Web site referral sources will be associated with an increase in the number of
reservations made online.
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Measuring Conversion on an e-commerce Web site
Ultimately, the customer either buys or does not; businesses are interested to learn who
these consumers are and the behaviors that lead to the ultimate decision. This success (a key
performance indicator (Sumita & Zuo, 2010)) in the online retail environment is measured by the
Web site’s ability to convert. Simply, if a customer completes the checkout process, that
customer is regarded as converted traffic. Typically, conversion is defined by the “percentage of
visits that result in a purchase” (Moe & Fader, 2004). As an example, if 100 people visited a
Web site and 10 complete a purchase by shopping cart, the conversion rate would be 10%.
Conversion can be measured in other ways such as lead generation, content, and customer
service and support (Ayanso & Yoogalingam, 2009). The following are examples of this:


Lead generation is the number of visitors to a website who agree to be in the database of
the company. A conversion in this instance is the completion and submission of a form
with the customers’ details on it.



Content is the number of visitors that sign up to receive more information or to be part of
a community. The conversion is when the information is completed and submitted to site
owners.



Service and support is the number of visitors that find the information they are looking
for. For example, the menu of a restaurant can contact customer service over an issue. A
conversion is when a visitor finds the information being sought or contact is logged
between customer and business.
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Regardless of the type of conversion, businesses need to be able to track it, use the data to
find issues and opportunities, and examine their site to ensure that its performance and usability
allows maximum conversion. It is important that organizations are able to understand the user’s
experience and how he or she interacts with a Web site (Nielsen, 1999).
The conversion rate gives organizations an indication on the success of their site. It is
surprising, then, that the top 500 retailers achieve no more than a 5% conversion (Moe & Fader,
2004). The most common reasons for low conversions are the low cost of paid search, delayed
purchasing by customers as they seek a better price, and poor Web design (Ayanso &
Yoogalingam, 2009).
Given this low number, retailers focus on increasing their Web traffic (relatively
inexpensive to do), so the physical number of sales is greater (even though it still represents a
low conversion) or look for ways to optimize their site to move the conversion dial upward
(Ayanso & Yoogalingam, 2009).
The latter approach is the main focus point as 23% of attempted transactions end in
abandonment as a result of poor Web design (Ayanso & Yoogalingam, 2009). Industry experts
have been concentrating on the conversion discussion because it is a challenging task. However,
if solved, it could be very lucrative undertaking. An increase of just 0.5% could add millions to
the bottom line. The key to this is ensuring that a Web site performs as it should and is usable
(Huang Kuan et al., 2005). The conversion data, using analytics, essentially tag every user of a
site and identifies a type of relationship they have with it.

Richards (1996) identifies the

following questions that can be answered when these pages are tagged.


How many are in each segment? In other words, who are browsers and who are
committed customers?
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Who are the people in each segment? What are the distinguishing features, their
demographics and psychographics?



What products are browsers considering?



What are the alternative options they have?



What motivates people to purchase on the site? What purchasing barriers do they face?

By considering these questions with converted and nonconverting users, we can move far
past just understanding if customers are satisfied or how many people purchased. Rather,
identifying specific reasons for conversion and providing more complete “instruments with
which to manage the [customer]” (Richards, 1996). For example, research within the grocery
sector has shown that having an online presence will increase loyalty, retain customers and could
result in increased sales and profit (Melis, Campo, Breugelmans, & Lamey, 2015).
The major issues in service-based organizations, such as restaurants, are that the conversions
typically do not take place online; the purchases of service are made in the restaurant after the
meal is completed. One solution to this issue is offering online reservations that will provided
the needed link between potential customers and guests in the restaurant. Online reservation
systems have been adopted by many large chain restaurants with customer relying on online
distribution channels to make reservations (Nsoesie, Buckeridge, & Brownstein, 2014). Many
restaurants have adopted third party reservations systems such as OpenTable.com with many
also using a restaurant-owned company website (Nsoesie et al., 2014). With this rise is demand
for online reservations and larger restaurants adopting the technology the research shows that an
effective online restaurant experience will create a positive dining experience (Kimes, 2011) and
increased satisfaction (Morosan & Bowen, 2017). Despite these findings, the research on the
relationships between online restaurants Web sites and the intent to purchase is still quite limited
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(Leib, Reynolds, Taylor, & Baker, 2017) with there being a call for future research to look at the
link between restaurant purchasing and Web sites (Leib et al., 2017) and if an increase average
check is associated with making an online reservation (Guo & Zheng, 2017). The reason for the
limited research could be a low level of adoption of technology within restaurants, especially
independent businesses. A recent industry report showed that 32% of diners believe restaurants
lack in their use of technology and that the most important feature of a restaurant website is the
ability to make online reservations (Beltis, 2017). Therefore, to address this research gap, the
following hypotheses are proposed:

H4a -- A positive relationship exists between guest checks and Web site visitations.

H4b -- A positive relationship develops between time spent at the restaurant and Web site
visitations.

H5a -- A positive relationship develops between guest checks and number of reservations made
online.

H5b -- A positive relationship develops between time spent at the restaurant and number of
reservations made online.
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METHODOLOGY

The purpose of this research is to show independent restaurateurs the value that Web site
analytics can have on providing data about the visitors to their Web sites and the marketing
opportunities these data provide. Currently, research for individual restaurants uses surveys to
collect data – very few use secondary data analysis or experimental design (Hua, 2016). This is
unfortunate because the “emergence and explosion of big data provide much more powerful
analytical possibilities” (Hua, 2016). Therefore this research will take advantage of the
availability of analytical Web site data as well as customer questionnaires for data inquiry.
Research Design
Connolly (2005) argues that to best understand the complexity of information technology
phenomena within the hospitality industry, a case study sample is a more useful research method.
To use a restaurant sample, the researcher collected data using analytics from the restaurant’s
Web site and a survey method for data inquiry. The collection and analysis for analytics
provides insight into site usage; what visitors do when they visit it and how they interact with the
site (Chokrasamesiri & Senivongse, 2016). The survey research design provides a quantitative
description of trends, attributes and opinions of a population based on a sample of the population
(Creswell, 2009). Therefore the surveys were used for data collection with the intent of
generalizing from a sample to a population of Midwest casual dining restaurant customers.
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Participants
There were two groups of study participants; guests of the restaurant, and visitors to the
restaurant’s Web site. For data collection, the restaurant owner provided full access to the
restaurant’s site and to the customers of the restaurant. Participants of the analytics were visitors
to the restaurant during 45 days starting on November 3, 2017.

To track actions, the owner

placed a tracking code on the restaurant Web site linked to a Google Analytics Account. The
purpose of this tracking was to collect data on user engagement (Chokrasamesiri & Senivongse,
2016).
The survey participants were paying guests at the restaurant. There were 225 guests
approached, of which 201 agreed to participate resulting in an 89% response rate. All customers
were presented the survey via iPad after they paid for their meals. The survey was distributed
from November 3 to December 18, 2017. The customers were informed that the survey was
anonymous, and that participation was voluntary.
Data Collection
The researcher contacted the owner of a one-year-old Midwest independent, nonchain,
nonfranchised casual dining restaurant about the possibility of conducting a research study in his
restaurant. A discussion took between them about the information Web site analytical data can
provide a restaurateur. The owner, an alumnus of the same hospitality and tourism management
program to which the researcher belongs, agreed to use his restaurant for the study as long as the
research results of the research were made available to him. The purpose of the study, research
objectives, and assurance of confidentiality were explained to the owner. It was agreed that the
data gathered were done with no customers being identified, that the data was proprietary data,
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and that it would be used only for purposes of the dissertation. This business was in the infinite
stages of building a Web site and researching a reservation and point-of-sale (POS) systems.
The restaurant at the time of data collection had been in business for over one year with
the Web site being specifically optimized to best collect data for this study. The 85-seat
restaurant is open six days a week (closed Mondays) and offers lunch and dinner. It also has a
full-service bar that offers the same menu as the main restaurant’s. The average customer’s
check at the restaurant is $25, and it seats 85 guests, 20 in the bar and 65 in the main restaurant.
Seasonal patio seating is also available for 20 guests, and a private dining room is available for
group meetings.
Two groups of data were collected. The first was click-stream data (Web site activity)
using Google analytics to track and store all activity on the restaurant site. The second was a
survey questionnaire of guests at the restaurant. The data were collected over a 45-day period
starting on November 3, 2017. The two data collection methods will be discussed.
Web site Data Collection
The researcher collected primary analytical data from the restaurant Web site from
November 3 to December 18 in 2017. These data were from all site visitor activity, behavior,
and conversion (making reservations). Although there are two ways to collect this data: tagging
of each page of the Web site and using server log files (Croll & Power, 2009), but page tagging
that collects data about the users and sends them to a collection software, which is less
complicated and much easier to obtain (Pakkala et al., 2012). In 2008 Google Inc. launched a
collection service called Google Analytics to allow Web site owners to collect data. The
effectiveness and accuracy of this collection software has been well researched and published
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(Pakkala et al., 2012).

The data for this study were collected using Google Analytics and

downloaded into an Excel spreadsheet before being analyzed.
Once installed, the tracking application tells a Web site owner how users use the site, the user
demographics, and how they found the site (traffic source) (Plaza, 2009). The data collected in
this study were from site visitor behaviors, audience profiles, completed visitor acquisition, and
conversion data. This is the standard output of a Google Analytics report and is the same as
suggested in a recent study by Chokrasamesiri & Senivongse (2016).
The tracking pixel that is necessary to track visitors ‘footprints’ (Google, 2017) was
installed in December 2016 to allow for a significant period of testing. The restaurant owner,
Web site designer, and a researcher met twice a month to analyze the initial data to ensure that
the data were being collected through the system by checking that all was being received.
Several technical and design changes were made to the Web site to ensure accurate data
collection and the blocking of ‘ghost’ traffic from spammers and various common server attacks.
Additional pages were added to the site to collect segmented data and also a reservation system
that was completed in August 2017.
Survey Instrument and Data Collection
The second data collection was a survey of restaurant customers. The questionnaire
framework is based on research by Ponnam & Balaji (2014) as they discuss what motivates
guests to visit the restaurant. Furthermore, questions were driven by customer visits to the
restaurant’s Web site. If they indicated that they did visit the survey asked them a series of
further questions about their online behavior. The questions used variables tested by
Chokrasamesiri & Senivongse (2016).
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The questionnaire was divided into four sections.

Section one gathered data about the guests’ meal experience. The purpose was to
determine the reason for their trip to the restaurant, the details of what they ordered, how much
time they spent there, and how much money they spent. Four questions allowed a respondent to
select one answer.
Section two asked if they visited the restaurant Web site prior to visiting the restaurant, or
any other online platform such as Facebook or a review site. If, they said “no” to visiting the
restaurant prior to dining, they were asked if they had ever visited the restaurant Web site.
Twelve questions in this section were comprised of dichotomous answers (yes or no) and number
scales. Questions included the number of times visiting the restaurant, how a reservation was
made, and where the guest sat in the restaurant.
Section three was triggered by the response to section two of the survey. If a participant
had ever visited the restaurant’s Web site, this section appeared. It asked respondents about their
behaviors on the restaurant site. The goal was to determine their level of engagement with this
site, why they visited it, and the actions they took there. A total of ten questions were presented
with respondents answering dichotomously (yes or no) and number scale answers. They
included such questions as amount of time spent on the Web site, how they visited it, how they
arrived at there, and if they used social media to access the site.
Section four asked demographic and dining habit preferences of participants, in addition
to questions regarding their technology preferences. Preference questions included the
following: if they had a mobile device, their Internet browsing behaviors, and mobile use as a
source for finding information. There were five questions in all.
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The questionnaire was first reviewed by the dissertation committee members, and
changes were made as a result of their feedback. It was then taken by graduate students in the
Hospitality and Tourism Management Department at Purdue University. Feedback was
solicited, and changes to the order of questions and a correction to the logic of the survey were
made. The survey was then submitted to IRB (institutional review board) approval. A second
pilot test was carried out with a set of customers in the restaurant and several staff members of
the restaurant. The purpose of this was to gather a small amount of data to ensure that the
statistical analysis proposed would run. Descriptive data and ANOVA were conducted. After
minor adjustments, the survey was ready for distribution.
After IRB approval, an electronic survey (via an iPad) was presented to each guest
toward the end of their meal. Data were collected on randomly selected days at both lunch and
dinner. An equal number of hours were spent collecting data during both meals. However,
because more guests frequented the restaurant in the evening, more were available during dinner
than lunch. All guests at the table were told that a survey was being done about their restaurant
experience and their participation was much appreciated. If a guest agreed, they were given an
iPad with a survey link. When the restaurant was busy, the staff was assisted by university
students selected to help in the data gathering process. Use of the iPad was deemed most
appropriate so that guests were not required to use a pen. Since conditional questions and skip
logic were embedded in the questionnaire, the electronic survey was more efficient and shorter
than paper. However, paper copies of the survey were on hand should the electronic method fail;
they were not needed. A copy of this survey is presented in Appendix 1.

37
Data Analysis
The data analysis was done in two stages. Stage one was of analytical data and stage two
of the questionnaire data. Both sets of data were gathered and formatted for statistical analysis.
All analysis was conducted using SPSS software version 24. The statistical procedures used
were descriptive statistics, Analysis of Variance (ANOVA) and t-test.
First, both sets of data were checked for missing data, and deletions were applied where
missing data were found. Twenty-four cases were deleted in the survey data and none in the
Google analytical data. There were no deletions in the Web site data required because Google
Analytics removes theses before providing this information to the researcher.
Second, both sets of data were check for independence of cases and normality. Using
SPSS, mean, medians, modes, variances, skewness, and scatter plots were reviewed. The results
showed outliers in the web site data. Outliers were identified as users who visited the site from
outside the US, those who spent more than an hour on it, and those who visited it more than 50
times. These outliers were removed.
Third, because the site’s data set was large, an assumption of homogeneity of variances
was tested before any analysis was run using Levene’s F test. If results of the test were
satisfactory, the ANOVA and a t-test was conducted. If the results of the test were
unsatisfactory, the Welsh ANOVA was then conducted to account for the unequal variances.
Lastly, a significance level of .10 was used due to the nature of this research. Because
this study is exploratory in nature and is new to the independent restaurant industry literature, the
researcher wanted to ensure that statistically significant findings were presented so that a strict
.01 or .05 significance level would not have eliminated possible variables for further research.
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RESULTS

The purpose of this research is to show independent restaurateurs the value that Web site
analytics can have on providing data about visitors to their site and the marketing opportunities
these data provide.

The results are presented in three sections. The first section, Visitor

Behavior, details the descriptive data results of the online data collection. It includes visitor data
collected from the restaurant’s site and analyses of their behavior provided by Google Analytics.
The second section Survey Results, shows the results of descriptive data from the customer
survey conducted in the restaurant. All results are for the data collected between November 3 to
December 18, 2017. Section three lists the results of the hypothesis testing.
Web Site Analytical Descriptive Data Results
The Web site analytical data were gathered by using Google analytics and provided
information about the visitors to the restaurant’s site. These are categorized by visitor behavior,
audience profiles, visitor acquisition, and Web site conversion. Each is addressed below.
Visitor Behavior
Web site visitor behavior is described as how a visitor navigates through a site: pages
they are viewing, the visitor path, and the time spent on each page (Google, 2017). During the
45 days of observation, the restaurant’s site had 302 page views that averaged sessions of 35
seconds.

The bounce rate, a statistic that captures the percentage of visitors to the site who

navigate away from it after viewing only one page, was 51.89 %. Table 1 illustrates the pages
visited in order of page views: Dinner Menu, Home Page, Lunch Menu, About, and Wine Menu
and the percentage of visitors who exit (left the site) from a page. Percentage Exist shows how
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many visitors left the site from a particular page. For example, for those who visited the dinner
menu page, all (100%) left the site from this page. Likewise, for those who visited the Home
Page, some visited another page or pages before leaving. Table 2 shows the number of page
views by day of the week.

Table 1. Page Activity
Page
Views
242

Bounce
Rate
58.77%

Home Page

33

15.03%

96.43%

Lunch Menu

19

72.00%

100.00%

About

7

63.64%

100.00%

Wine Menu

1

50.00%

100.00%

Page
Dinner Menu

% Exit
100.00%

Table 2. Page views by Day of the Week*
Day of Week

% of Total Page
Views

Page Views

Saturday

90

30%

Friday

61

20%

Sunday

58

19%

Monday

26

9%

Thursday

24

8%

Tuesday

22

7%

Wednesday

21

7%

* Data collected from November 3 to December 18 in 2017

Audience Profiles
The audience section of Google Analytics provides information about the visitors to a
Web site. This includes the demographics, interests, geographic locations, and technologies used
to access the site and more-specific behaviors about the visitors (Google, 2017). During the
period of observation, 2792 users visited the restaurant site, and 2607 of them were new users,
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those that have never visited the site before. A user constitutes any visitor regardless of the
amount of time spent on the site. Therefore, this includes those who ‘bounced.’ To properly
analyze the data, we collected user session information. A session is a visit by a user who spends
more than 1 second on the Web site, indicating that the user did not ‘bounce.’ On average,
visitors spent 35 seconds on the site.
Visitors were tracked by their locations while accessing the site. Table 3 shows visitor
location by city. West Lafayette represented 29.19% of visitors, and Lafayette (the city in which
the restaurant is located) accounting for 19.13% of visitors. Visitors from Chicago (14.98%) and
Indianapolis (11.98%) represented about25% of the traffic.

Table 3. Location of visitors by City
City
West Lafayette

No. of visitors
836

% of total visitors
29.19%

Lafayette

548

19.13%

Chicago

414

14.46%

Indianapolis

343

11.98%

Valparaiso

24

0.84%

Crawfordsville

21

0.73%

Louisville

21

0.73%

Carmel

19

0.66%

Visitor system information was also collected. This tracked the device and software that
visitors used to access the restaurant’s site. Ninety-eight percent of visitors arrived through an
English language browser. Table 4 shows the top 10 Internet browsers used by visitors to the
site. Chrome and Safari were the most popular. The chrome browser represented 42.98% of
users, and Safari showed a 35.67% use. The in-app safari users of 7.41% refers to individuals
using another application, such as Facebook, and they then click a link that then opens a
secondary browser.
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Most (41.98%) of users accessed the restaurant Web site using Apple’s iOS system.
Windows users represented 28.98%, and (18.34%) used Android devices to accesses the site.
Table 4. Users by Browser
Browser
Chrome
Safari
Safari (in-app)

Users

% of Users
1,200
996
207

42.98%
35.67%
7.41%

Internet Explorer

128

4.58%

Firefox

120

4.30%

Samsung Internet

60

2.15%

Edge

51

1.83%

Android WebView

23

0.82%

Amazon Silk

4

0.14%

Android Browser

1

0.04%

Visitors using mobile devices to access the site accounted for 55.19% of users. Desktop
users (39.33%) and tablet users (5.48%) followed. For new visitors, the percentages were
similar: 55.91% used mobile; 34.98% used a desktop; and 9.11% used a tablet.
Mobile and tablet sessions were 20 seconds per session, and the desktop sessions were a
few seconds short of 1 minute.

Of the 319 completed reservations, 171 came from mobile, 120

from desktop, and 28 from tablet. The conversion rate (those who made a reservation) calculated
by dividing the number of reservations by number of sessions (per category) was higher on a
desktop at 54.79% compared to mobile (48.86%) and tablet (49.12%).
Table 5. Users by Device

Device
Category
Mobile
Desktop
Tablet

Users
1541
1098
153
2792

New
Users
1427
1043
137
2607

Number
of
Sessions
350
219
57
626

Bounce
Rate
49.71%
42.01%
50.88%
47.12%

Pages /
Session
0.51
0.44
0.51
0.48

Avg.
Session
Duration
in
Seconds
22.22
58.38
18.51
34.53

Reservation
Conversion
Rate
48.86%
54.79%
49.12%
50.96%

No. Of
Reservations
171
120
28
319
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Considering mobile device use as displayed in Table 6, the most frequently used devices
were the Apple iPhone (1039 users) and apple iPad (115 users). Along with a high number of
users, the numbers of reservations made by the iPhone and iPad combined was 163. Although a
number of Samsung devices used, a very low number of visitors used them with reservations
reflecting only one or two per device. Also, the bounce rate was higher than average (49.88%)
on most of the Samsung devices compared to Apple.

Table 6. Mobile devices used to access Web site

Mobile Device
Info

Apple iPhone
Apple iPad
Samsung SMG930V
Galaxy S7
Samsung SMG950F Galaxy
S8
Samsung SMG955U
Galaxy S8+
Samsung SMG920V
Galaxy S6
Samsung SMG930A
Galaxy S7
Unknown
Google Pixel
Samsung SMG930P Galaxy
S7

Sessions

Bounce
Rate

Pages /
Session

Avg.
Session
Duration
in
Seconds

937
99

281
50

49.47%
50.00%

0.51
0.50

24.44
17.12

49.11%
50.00%

138
25

33

32

5

60.00%

0.60

17.20

40.00%

2

26

26

5

60.00%

0.60

0.80

40.00%

2

21

20

5

60.00%

0.60

0.00

20.00%

1

18

18

1

0.00%

0.00

161.00

100.00%

1

18
17
16

18
16
16

2
2
4

50.00%
50.00%
50.00%

0.50
0.50
0.50

0.00
0.00
0.00

50.00%
50.00%
50.00%

1
1
2

15
1694

15
1564

0
407

0.00%
49.88%

0.00
0.51

0.00
21.70

0.00%
48.89%

0
199

Users

New
Users

1039
115

Reservation
Conversion
Rate

Number of
Reservations

Google Analytics also provide basic demographic information about the Web site visitors
when available. Of the data available to the analytics program, 26% of visitors were between 1824 years of age, 20% aged 25-34, and 18% aged 35-44.

The bounce rate was highest in the

younger visitors, almost 64% at the ages 18-24. The most reservations were made by visitors
aged from 18 to 24 (14 reservations).
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Table 7. Web Site Users by Age
Sessions

Bounce
Rate

Pages /
Session

Avg. Session
Duration in
Seconds

Reservation
Conversion
Rate

Number of
Reservations

Age
1824
2534
3544
4554
5564

Users

New
Users

102

86

38

63.16%

0.66

30.24

36.84%

14

80

68

25

52.00%

0.52

15.48

48.00%

12

71

59

24

45.83%

0.46

37.25

54.17%

13

63

56

24

45.83%

0.46

9.17

54.17%

13

55

47

18

44.44%

0.44

0.33

55.56%

10

65+

20

18

3

33.33%

0.33

199.67

66.67%

2

391

334

132

51.52%

0.52

24.66

48.48%

64

Google Analytics identified 252 female and 147 male visitors to the Web site. Females
accounted for 39 reservations and males 25. The conversion rate was lower for females (46%)
than males (51%), and bounce rate was higher for females (53%) than males (48%).

Table 8. Web Site Users by Gender

Gender
Female
Male

Users
252
147
399

New
Users
209
130
339

Sessions
84
49
133

Bounce
Rate
53.57%
48.98%
51.88%

Pages /
Session
0.54
0.51
0.53

Avg.
Session
Duration in
Seconds
24.62
24.22
24.47

Reservation
Conversion
Rate
46.43%
51.02%
48.12%

Number of
Reservations
39
25
64

Data were gathered from Affinity audience categories, a categorization of customer types
intended for television advertising segmentation (Google, 2017). Table 9 provides a summary of
top users by affinity categories.

Cooking enthusiasts (222 users); followed by entertainment

and celebrity news ‘junkies’ (221); value shoppers (219); and travel buffs (208) were identified
users, respectively. The conversion rate was highest with investors (56.90%), and the most
reservations were made by value shoppers (37%).
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Table 9. Web Site Users by Affinity Category

Affinity Category

Cooking
Enthusiasts
Entertainment &
Celebrity News
Junkies
Value Shoppers
Travel Buffs
Investors
Health & Fitness
Buffs
Book Lovers
Movie Lovers
TV Lovers
Life Styles &
Hobbies/FamilyFocused

Bounce
Rate

Pages /
Session

Avg.
Session
Duration
in
Seconds

Reservation
Conversion
Rate

Number of
Reservations

Users

New
Users

Sessions

222

185

70

50.00%

0.50

21.66

50.00%

35

221
219
208
177

183
181
178
154

73
70
68
58

57.53%
60.00%
45.59%
43.10%

0.58
0.61
0.46
0.43

6.63
5.01
16.21
18.47

42.47%
40.00%
54.41%
56.90%

31
28
37
33

175
171
164
164

148
147
140
138

59
59
60
50

44.07%
45.76%
63.33%
50.00%

0.46
0.46
0.65
0.50

15.75
5.88
12.58
36.38

55.93%
54.24%
36.67%
50.00%

33
32
22
25

162
6692

133
5621

59
2200

55.93%
51.18%

0.56
0.52

18.29
23.14

44.07%
48.82%

26
1074

Similar to the affinity categories, Google Analytics provides specific market segments of
visitors to a Web site (Google, 2017), or subgroups of customers by their areas of interest.
Table 10 shows the top 10 categories. The largest number of reservations were made by the
Education segment (23) with the least being associated with employment/consulting services
(6%). The largest number of users were from the Home Décor (119). A 66% conversion rate
(the highest) was seen in the Home furnishings segment, and the lowest in employment (37%).
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Table 10. Web site Users by In-Market Segment

In-Market Segment

Home &
Garden/Home Decor
Education/PostSecondary Education
Travel/Hotels &
Accommodations
Apparel &
Accessories/Women's
Apparel
Home &
Garden/Home
Furnishings
Travel/Air Travel
Employment
Gifts &
Occasions/Holiday &
Seasonal Items
Employment/Career
Consulting Services
Home &
Garden/Home
Appliances

Bounce
Rate

Pages /
Session

Avg.
Session
Duration
in
Seconds

Reservation
Conversion
Rate

Number of
Reservations

Users

New
Users

Sessions

119

99

40

52.50%

0.53

25.33

47.50%

19

115

94

48

52.08%

0.52

27.96

47.92%

23

113

91

35

54.29%

0.57

18.71

45.71%

16

78

64

25

52.00%

0.52

32.76

48.00%

12

78
75
60

68
62
52

30
24
19

33.33%
62.50%
63.16%

0.33
0.63
0.63

37.67
7.42
16.16

66.67%
37.50%
36.84%

20
9
7

58

44

20

50.00%

0.50

51.10

50.00%

10

57

44

16

62.50%

0.63

0.00

37.50%

6

55
2746

45
2249

23
935

47.83%
51.23%

0.48
0.52

43.26
22.99

52.17%
48.77%

12
456

Visitor Acquisition
Visitor acquisition refers to the source of traffic entering a Web site (Google, 2017) and answers
this question: where do visitors come from? Table 11 gives an overview of the source of
visitors. Direct customers, those who manually entered the site’s restaurant address, represented
the most users (2306). The number of reservations was also the highest at 193. Organic search,
where customers arrived at the site after a search by a search engine accounted for 371 visitors,
who made 117 reservations, representing the second largest segment. The bounce rate was
52.59% for direct and 36.17% with organic search. Social media sites such as Facebook,
Instagram, and Twitter accounted for 21 users and 8 reservations.
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Table 11. Web Site Acquisition Overview

Source
Direct
Organic
Search
Social
Referral
(Other)

Users
2306

New
Users
2241

471
21
7
1
2806

349
11
5
1
2607

Sessions
424

Bounce
Rate
52.59%

Pages /
Session
0.53

Avg.
Session
Duration
in
Seconds
31.52

188
10
3
1
626

36.17%
20.00%
33.33%
100.00%
47.12%

0.37
0.30
1.00
1.00
0.48

29.51
223.70
156.33
0.00
34.53

Reservation
Conversion
Rate
45.52%

Number of
Reservations
193

62.23%
80.00%
33.33%
0.00%
50.96%

117
8
1
0
319

Table 12 displays specific details for visitor medium/sources. Of the referral sites,
Yelp.com saw 11 users and accounted for the highest conversion rate of 83.33%. A total of five
users arrived from Facebook, three from a desktop, and two from a mobile site.

The mobile site

had no reservations and the desktop site had two. This was a 66.67% conversion rate.

Table 12. Website Source/Medium

Pages /
Session

Reservation
Conversion
Rate

Number of
Reservations

Source / Medium

Users

New
Users

(direct) / (none)

2306

2241

424

52.59%

0.53

31.52

45.52%

193

Google / organic

450

336

178

35.96%

0.37

27.80

62.92%

112

Bing / organic

15

9

7

57.14%

0.57

9.14

42.86%

3

yelp.com / referral

11

5

6

16.67%

0.17

371.50

83.33%

5

Yahoo / organic
homeofpurdue.com /
referral
desktop.facebook.com
/ referral

6

4

3

0.00%

0.00

178.33

66.67%

2

3

1

1

100.00%

1.00

0.00

0.00%

0

3

1

3

33.33%

0.67

2.67

66.67%

2

m.yelp.com / referral
mobile .facebook.com
/ referral

3

3

1

0.00%

0.00

0.00

100.00%

1

2

2

0

0.00%

0.00

0.00

0.00%

0

Unknown/referral

1

1

1

0.00%

2.00

469.00

0.00%

0

2806

2607

626

47.12%

0.48

34.53

50.96%

319

Sessions

Bounce
Rate

Avg.
Session
Duration
in
Seconds
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Web Site Conversion
Website conversion tracks when a user performs an action defined as a goal (Google,
2017). On the restaurant website this is a making a reservation; 319 reservations were made
during the period of observation. Three hundred and fourteen (94.43%) of these reservations
were made on the homepage of the website, four (1.25%) on the dinner menu and one on the
lunch menu page (0.31%).

These 319 reservations represented a 50.96% conversion rate.

Thirty-six of the 319 reservations were tracked as being assisted conversions where a
user had more than one interaction with the Web site before a reservation was made (Google,
2017). For example, a user that made a reservation after clicking on yelp may have visited
Facebook before going to yelp.

Table 13 summarizes this data. The assisted conversion

column (2) shows the number of conversations for which a channel appeared on the conversion
path, but they were not part of the final conversion interaction (Google, 2017). The last click or
direct conversions column (3) shows the number of conversations for which the channel was the
final conversion interaction (Google, 2017). As the results show, the direct visitors assisted in 30
conversions; the customers visited the Web site directly before they used another channel to
make the reservation. It also shows that an organic search contributed to nine conversions and
one social network.

Table 13. Assisted Conversions by Channel Grouping
Channel Grouping
Direct

Assisted Conversions

Last Click or Direct Conversions

30

224

Organic Search

9

87

Social Network

1

7

Referral

0

1
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Looking more closely at the interactions of the assisted conversions shows the path a
visitor took. Table 14 shows the conversion path of the 36 assisted conversions. Seventeen of
these conversions were from a visitor going directly to the website but then at a later time
visiting the website directly again. Five visitor assisted conversions occurred when a visitor first
visited the website after a web search but then later visited the website directly.

Table 14. Channel Path of Assisted Conversions
MCF Channel Grouping Path

Source Path

Conversions

Direct > Direct

(direct) > (direct)

17

Organic Search > Direct

Google > (direct)

5

Direct > Organic Search

(direct) > Google

4

Direct > Direct > Direct

(direct) > (direct) > (direct)

2

Direct > Direct > Organic Search

(direct) > (direct) > Google

2

Organic Search > Direct > Direct

Google > (direct) > (direct)

2

Direct > Direct > Direct > Direct
Direct > Social Network > Direct >
Direct > Direct > Direct
Organic Search > Direct > Direct >
Direct

(direct) > (direct) > (direct) > (direct)
(direct) > yelp.com > (direct) > (direct) >
(direct) > (direct)

1

Google > (direct) > (direct) > (direct)

1

Organic Search > Social Network

Google > l.facebook.com

1

1

The path-length data show the number of interactions with the Web site it took to make a
reservation. The data in table 15 show that most conversions happened with 1 interaction (283).
Twenty-seven conversions took 2 interactions, and 6 conversations took 3 interactions.

Table 15. Path Length to Conversion
Path Length in
Interactions

Conversions
1

283

2

27

3

6

4

2

6

1
319
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The number of days between initial interaction and conversions shows that most (96%)
conversions took place within 24 hours. Six conversions were within one day and 3 from 12 to
30 days. Table 16 summarizes these data.
Table 16. Time Lag to Conversion
Time Lag in Days

Conversions
0
1
5
9
12 to 30

308
6
1
1
3
319

Survey Results: Descriptive Data
The second source of data was gathered by using a questionnaire with guests to the
restaurant, and 225 surveys were collected. Listwise deletions were applied to omit cases with
missing data. After these deletions and incomplete responses, 201 responses remained, of which
57.7% of guests were male and 40.8% were female. The majority of guests surveyed had an
undergraduate degree (40.8%) with almost as many (38.8%) holding a postgraduate or
professional degree. Those aged 55-64 comprised the largest percentage. (21.9%). A relatively
even distribution of guests ranged from 18 to 54. Table 17 shows the summary of guest
demographics.
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Table 17. Demographic information of restaurant guests
Gender

Frequency
116

Percent
57.7

82

40.8

3

1.5

28

13.9

Trade School

9

4.5

Undergraduate

82

40.8

Postgraduate

78

38.8

Male
Female

Highest level of education

High School
GED

Age

Under 18

2

1.0

18-24

31

15.4

25-34

37

18.4

35-44

32

15.9

45-54

32

15.9

55-64

44

21.9

65-74

19

9.5

75-84

3

1.5

85 and older

1

0.5

Dinner guests represented 63.2% of guests surveyed. Lunch accounted for 33.8% of
guests, and the remaining was either for drinks or a catered event. Furthermore, 90% of the
guests visited the restaurant for pleasure, and the remaining 10% stating that they were in the
restaurant for business purposes. 32.8% Guests stating that this was their first visit to the
restaurant totaled 32.8%. Of the 67.2% that stated that this was not their first visit to the
restaurant, 35% stated they had visited the restaurant one other time in the past year. Table 18
shows a summary of the guest restaurant history.
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Table 18. Guest Restaurant History
Meal

Purpose of Trip

First Visit?

Lunch

Frequency
68

Percent
33.8

Dinner

127

63.2

Drinks

5

2.5

Catering
Event

1

0.5

Pleasure

181

90.0

Business

20

10.0

Yes

66

32.8

No

135

67.2

Regarding reservations, 26.4% of guests surveyed indicated having made a reservation.
Seven percent indicated that a reservation was made, but by someone else in the party, for a total
of 33.4% of guests with reservations. Of the guests with reservations, most indicated that they
were made by phone (54.7%). Table 19 shows a summary of the guest reservation information.

Table 19. Guest reservation information
Did you make a reservation?

Frequency
53

Percent
26.4

134

66.7

Someone
else

14

7.0

Online

24

45.3

Phone

29

54.7

Yes
No

How did you make your reservation?

Hypothesis Testing Results
The results of the hypothesis tested are discussed below. Where appropriate and
described below, between-groups ANOVA and an independent sample t-test was conducted.
The results of each independent variable analysis are discussed below.
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H1a: A reduced bounce rate is associated with an increase in the number of reservations made
online.
To test the effect that bounce rate has on the number of reservations made by a Web site visitor,
an independent sample t-test was conducted. The bounce rate (independent variable), which
indicates whether a visitor left the site within one second of arriving, was calculated using
Google Analytics. The number of reservations (dependent variable) made online was also
captured.

The results of the analysis show that guests who arrived at the restaurant Web site but

left within one second (N=289) had a lower number of reservations (M=0) from those that did
not ‘bounce’ (M=.08, N=3991). The assumptions of homogeneity of variances was tested using
Lavene’s F test, F(4278) = 117.474, p = .000, but not satisfied. Therefore the significance level
for equal variances not assumed was used, showing that the difference in number of reservations
between the two groups was statistically significant at the .010 significance level, t(3990) =
18.42, p = .000. This hypothesis is thus supported. Table 20 shows results of the test.

Table 20. Number of Reservations and Bounce Rate
Sig. (2F
Number of

Equal variances

Reservations

assumed
Equal variances not

117.474

Sig.

t
.000

df

tailed)

4.958

4278

.000

18.427

3990.000

.000

assumed

H1b: Different operating systems will be associated with an increase in the number of
reservations made online.
To test the effect that the operating system a visitor uses to access the restaurant Web site
has on the number of reservations made by a visitor, a between-groups ANOVA was performed.
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The operating system a visitor used while accessing the site (independent variable) was
calculated using Google Analytics and categorized as either Android, Macintosh, Windows,
Chrome, or iOS (Apple Mobile Operating System). The number of reservations made online
(dependent variable) was also captured.

Prior to conducting the ANOVA, the assumptions of

homogeneity of variances were tested using Lavene’s F test, F(4, 4275) = 24.91, p = .000 but
not satisfied. Therefore, to account for the unequal variances, the Welch ANOVA was used.
The results show a statistically significant difference in the operating system used to access the
site between those visitors who make a reservation and those who do not (F[4, 332] = 6.82 p =
.000 η2 = 0.04). Thus this hypothesis is supported and shows that 0.4% of the variances in the
number of reservations was accounted for by the operating system a visitor uses to access the
restaurant’s site. To evaluate the nature of differences between the operating systems, the
statistically significant Welsh ANOVA was followed-up with five Games-Howell post hoc tests.
A significant difference in the number of reservations made between visitors that used an iOS
operating system (M = 0.09) and those that used an Android Device (M = 0.04). A significant
difference in the number of reservations was also made between the visitors that used an iOS
operating system (M= 0.09) and those that used a Windows operating system (M = 0.07). No
difference in number of reservations was made between any other operating system used to
access the restaurant Web site. This shows that significantly more reservations were made on
the iOS operating system than an Android and a Windows device. The 95% confidence interval
for the pairwise differences, as well as the means and standard deviations for the four session
duration categories, are reported in Table 21.
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Table 21. Number of Reservations and Operation System
Dependent Variable: Number of Reservations
Games-Howell
95% Confidence Interval

Mean
(I) Operating

(J) Operating

System

System

Android (M=

Macintosh

-.031

.014

.167

-.07

.01

0.04)

Windows

-.023

.010

.127

-.05

.00

.000

.031

1.000

-.09

.09

-.052*

.010

.000

-.08

-.02

Chrome
iOS

Difference

Std.

(I-J)

Error

Lower
Sig.

Bound

Upper Bound

Macintosh (M=

Android

.031

.014

.167

-.01

.07

0.04)

Windows

.008

.014

.979

-.03

.05

Chrome

.031

.032

.868

-.06

.12

-.021

.014

.569

-.06

.02

.023

.010

.127

.00

.05

-.008

.014

.979

-.05

.03

.023

.031

.940

-.06

.11

*

.010

.032

-.06

.00

.000

.031

1.000

-.09

.09

iOS
Windows (M=

Android

0.07)

Macintosh
Chrome
iOS

-.029

Chrome (M=

Android

0.02)

Macintosh

-.031

.032

.868

-.12

.06

Windows

-.023

.031

.940

-.11

.06

iOS

-.052

.031

.444

-.14

.03

*

.010

.000

.02

.08

Macintosh

.021

.014

.569

-.02

.06

Windows

.029*

.010

.032

.00

.06

.052

.031

.444

-.03

.14

iOS (M= 0.09)

Android

Chrome

.052

*. The mean difference is significant at the 0.10 level.
M is the Mean.

H1c: Different devices will be associated with an increase in the number of reservations made
online.
To test the effect that the device a visitor uses to access the restaurant Web site has on
number of reservations made by a visitor, a between-groups ANOVA was performed. The
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device a visitor used while accessing the site (independent variable) was calculated using Google
Analytics and categorized as either Tablet, Mobile, or Desktop. The number of reservations
made online (dependent variable) was also captured.

Before conducting the ANOVA, the

assumptions of homogeneity of variances was tested using Lavene’s F test, F(2, 4277) = 14.544,
p = .000, but not satisfied. Therefore to account for the unequal variances, the Welch ANOVA
was used. The results show a statistically significant difference in the device used to access the
Web site between those visitors who make a reservation and those who do not (F[2, 641] = 2.78
p = .062 η2 = 0.01). This hypothesis is thus supported and shows that 0.1% of the variances in
the number of reservations was accounted for by the device a visitor uses to access the restaurant
site. To evaluate the nature of the differences between devices, the statistically significant Welsh
ANOVA was followed up with three Games-Howell post hoc tests.

A significant difference in

the number of reservations made between visitors that used a tablet (M = 0.12) and those that
used a desktop (M = 0.07). No difference in number of reservations was made between any
other devices used to access the restaurant Web site. This shows that significantly more
reservations were made on the tablet than on a Computer Desktop. The pairwise differences for
the three devices are reported in Table 22.
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Table 22. Number of Reservations and Device
Dependent Variable: Number of Reservations
Games-Howell
90% Confidence Interval

Mean
(I) Device

(J) Device

Tablet

Mobile

Difference (I-J) Std. Error

Sig.

Lower Bound

Upper Bound

.043

.021

.115

.00

.09

*

.022

.055

.01

.09

(M= 0.12)

Desktop

.050

Mobile

Tablet

-.043

.021

.115

-.09

.00

(M= 0.10)

Desktop

.007

.008

.646

-.01

.02

Desktop

Tablet

-.050*

.022

.055

-.09

-.01

(M= 0.07)

Mobile

-.007

.008

.646

-.02

.01

*. The mean difference is significant at the 0.10 level.
M is the Mean.

H1d: Different days of the week will be associated with an increase in the number of
reservations made online.
To test the effect that the day of the week a visitor accesses the restaurant Web site has on
number of reservations made by the visitor, a between-groups ANOVA was performed. The day
of the week a visitor used while accessing the site (independent variable) was calculated using
Google Analytics and categorized as either Sunday, Monday, Tuesday, Wednesday, Thursday,
Friday, or Saturday. The number of reservations made online (dependent variable) was also
captured.

Prior to conducting the ANOVA, the assumptions of homogeneity of variances was

tested by using Lavene’s F test, F[6, 4350] = 32.38, p = .000, but not satisfied. Therefore to
account for the unequal variances, the Welch ANOVA was used. The results show a statistically
significant difference in the day of the week used to access the site between visitors who make a
reservation and those who do not ([6, 1604] = 9.42, p = .000, η2 = 0.01). This hypothesis is thus
supported and shows that 0.1% of the variances in the number of reservations was accounted for
by day of the week a visitor uses to access the restaurant site. The nature of differences between
days was evaluated by following up on the statistically significant Welsh ANOVA with seven
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Games-Howell post hoc tests. A significant difference in the number of reservations made from
Friday (M = 0.11) to Sunday (M = 0.06), Tuesday (M = 0.05), Wednesday (M = 0.03), and
Thursday (M = 0.04). A significant difference in the number of reservations made from Saturday
(M = 0.09) and Tuesday (M = 0.07), Wednesday (M = 0.03), and Thursday (M = 0.04). No
difference in number of reservations was made between any other days of the week used to
access the restaurant Web site. This shows that significantly more reservations were made on a
Friday (compared to Sunday, Tuesday, Wednesday, and Thursday) and Saturday) compared to
Tuesday, Wednesday, and Thursday). The pairwise differences for the seven days of the week
are reported in Table 23.
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Table 23. Number of Reservations and Days of the Week
Dependent Variable: Number of Reservations
Games-Howell
95% Confidence Interval

Mean
(I) Day of

(J) Day of

Week

Week

Sunday (M = Monday

Difference

Std.

(I-J)

Error

Sig.

Lower

Upper

Bound

Bound

-.011

.015

.989

-.06

.03

Tuesday

.013

.014

.970

-.03

.05

Wednesday

.032

.013

.138

.00

.07

Thursday

.023

.013

.596

-.02

.06

*

.013

.008

-.09

-.01

Saturday

-.028

.013

.294

-.07

.01

Sunday

.011

.015

.989

-.03

.06

Tuesday

.024

.016

.739

-.02

.07

Wednesday

.044

.015

.050

.00

.09

Thursday

.034

.015

.277

-.01

.08

Friday

-.036

.016

.243

-.08

.01

Saturday

-.016

.015

.927

-.06

.03

Tuesday (M

Sunday

-.013

.014

.970

-.05

.03

= 0.05)

Monday

-.024

.016

.739

-.07

.02

Wednesday

.019

.014

.798

-.02

.06

Thursday

.010

.014

.993

-.03

.05

-.060*

.014

.001

-.10

-.02

*

.014

.048

-.08

.00

0.06)

Friday

Monday

Friday
Saturday

-.047

-.041

Wednesday

Sunday

-.032

.013

.138

-.07

.00

(M = 0.03)

Monday

-.044

.015

.050

-.09

.00

Tuesday

-.019

.014

.798

-.06

.02

Thursday

-.010

.013

.989

-.05

.03

Friday

-.080*

.013

.000

-.12

-.04

Saturday

-.060*

.012

.000

-.10

-.02

Thursday (M

Sunday

-.023

.013

.596

-.06

.02

= 0.04)

Monday

-.034

.015

.277

-.08

.01

Tuesday

-.010

.014

.993

-.05

.03

.010

.013

.989

-.03

.05

Friday

-.070

*

.013

.000

-.11

-.03

Saturday

-.051*

.013

.001

-.09

-.01

Wednesday
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Table 24 Continued. Number of Reservations and Days of the Week
Friday (M =
0.11)

Sunday

.047*

.013

.008

.01

.09

Monday

.036

.016

.243

-.01

.08

Tuesday

.060*

.014

.001

.02

.10

Wednesday

.080*

.013

.000

.04

.12

*

.013

.000

.03

.11

Saturday

.019

.013

.750

-.02

.06

Saturday (M

Sunday

.028

.013

.294

-.01

.07

= 0.09)

Monday

.016

.015

.927

-.03

.06

Tuesday

.041

*

.014

.048

.00

.08

Wednesday

.060*

.012

.000

.02

.10

Thursday

.051*

.013

.001

.01

.09

Friday

-.019

.013

.750

-.06

.02

Thursday

.070

*. The mean difference is significant at the 0.10 level.
M is the Mean.

Hypothesis 2a: A positive relationship in time spent on the Web site and the number of
reservations made online.
A between-groups ANOVA was performed to test the effect that time spent on a Web site
has on number of reservations made by a visitor. The amount of time a visitor spent on it
(independent variable) was calculated using Google Analytics and categorized by 0-5 minutes,
over 5 minutes, over 15 minutes, and over 30 minutes. The number of reservations made online
(dependent variable) made was also captured. Prior to conducting the ANOVA, the assumptions
of homogeneity of variances were tested using Lavene’s F test, F(3, 4303) = 60.97, p = .000, but
they were unsatisfactory. Therefore the Welch ANOVA was used to account for the unequal
variances. The results show a statistically significant difference in the amount of time spent on a
Web site between those visitors who make a reservation and those who do not (F(3, 8.40) =
42.61 p = .000 η2 = 0.052). This hypothesis is thus supported and shows that 5.2% of the
variances in the number of reservations was accounted for by the amount of time spent on the
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restaurant’s site. To evaluate the nature of the differences between the amounts of time spent on
the site, the statistically significant Welsh ANOVA was followed up with four Games-Howell
post hoc tests.

A significant difference in the number of reservations was made between the

visitors that spent less than five minutes (M = 0.07) on the Web site and those that spent 15
minutes (M = 0.92) and 30 minutes (M = 0.32), but no difference between visitors that spent less
than five minutes and those that spent at least five minutes there. This shows that the number of
reservations made increased once guests spent over five minutes on the restaurant site. The
pairwise differences for the session duration categories are reported in Table 24.

Table 25. Number of Reservations and Session Duration
Dependent Variable: Number of Reservations
Games-Howell
95% Confidence
Interval

Mean
(I) Session

(J) Session

Duration

Duration

0 (M = 0.01)

5

-.601

.333

.462

-2.91

1.71

15

-.857*

.077

.000

-1.09

-.63

30

*

.055

.000

-.40

-.11

0

.601

.333

.462

-1.71

2.91

15

-.256

.342

.872

-2.38

1.87

30

.346

.338

.757

-1.86

2.55

0

.857*

.077

.000

.63

1.09

5

.256

.342

.872

-1.87

2.38

30

.602*

.095

.000

.34

.86

0

.255*

.055

.000

.11

.40

5

-.346

.338

.757

-2.55

1.86

15

-.602*

.095

.000

-.86

-.34

5 (M = 0.07)

15 (M = 0.92)

30 (M = 0.32)

Differenc

Std.

e (I-J)

Error

-.255

*. The mean difference is significant at the 0.10 level.
M is Mean.

Sig.

Lower

Upper

Bound

Bound
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Hypothesis 2b: An inverse relationship in number of pages (page-depth) visited on the Web site,
and the number of reservations made online.
To test the effect that the number of pages a customer visits on a restaurant site has on the
number of reservations made by one, an independent sample t-test was conducted. It was found
to be more suitable as guests visited either 1 or 2 pages during the visit. The number of pages a
site user visited (independent variable) was calculated using Google Analytics. The number of
reservations made online (dependent variable) was also captured.

The results of the analysis

show that guests who viewed one page on the restaurant site (N = 3986) had a higher number of
reservations (M=.08) than those that viewed two pages (M = 0.01, N = 294). The assumptions
of homogeneity of variances were tested using Lavene’s F test, F(4278) = 76.293, p = .000, but
not satisfied. Therefore the significance level for equal variances not assumed was used,
showing that the difference in number of reservations between the two groups was statistically
significant at the 0.010 significance level, t(561) = 8.00, p = .000. This hypothesis is supported.
Table 25 shows these results.

Table 26. Number of Reservations and Number of Pages Visited
Sig. (2F
No. of

Equal variances

76.293

Sig.

t
.000

df

tailed)

4.069

4278

.000

8.005

561.230

.000

Reservations assumed
Equal variances not
assumed

Hypothesis 2c: A positive relationship in time spent on the restaurant menu page and the
number of reservations is made online.
To test the effect that time spent on a restaurant menu has on number of reservations
made by a visitor, an independent sample t-test was conducted. The amount of time a visitor
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spent on the menu page (independent variable) was calculated using Google Analytics. Visitors
fell into either 1 or 2 minutes of time viewing the dinner menu. The number of reservations
made online (dependent variable) was also captured.

The results of the analysis show that those

guests who viewed the restaurant menu page for two minutes or more (N =10) had a higher
number of reservations (M = 0.50) from those that viewed the page for one minute or less (M =
0.05, N = 3013). The assumptions of homogeneity of variances was tested using Lavene’s F
test, F(3021) = 39.69, p = .000, but not satisfied. Thus the significance level for equal variances
not assumed was used, showing that difference in number of reservations between the two
groups was statistically significant at the 0.010 significance level, t(9.011) = -2.681, p = .025.
This hypothesis is supported. Table 26 shows the results.

Table 27. Number of Reservations and Time Spent on Menu Page
Mean
F
Number of

Equal variances

Reservations

assumed
Equal variances not
assumed

39.692

Sig.
.000

t

df
-

Sig. (2-

Differen

tailed)

ce

3021

.000

-.447

9.011

.025

-.447

6.249
2.681

Hypothesis 3: Differences in Web site referral sources will be associated with an increase in the
number of reservations made online.
To test the effect that the Web site referral source has on number of reservations made by
a visitor, a between-groups ANOVA was performed. The site from which the customer arrived
(independent variable) was calculated using Google Analytics and categorized as either Direct
(they typed in the site address), Search (they found the restaurant because of a Web search), or
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Social (referred by a social media site such as Facebook or Yelp). The number of reservations
made online (dependent variable) made was also captured.

Prior to conducting the ANOVA,

the assumptions of homogeneity of variances was tested using Lavene’s F test, F(2, 4277) =
120.54, p = .000, but not satisfied. Therefore to account for the unequal variances, the Welch
ANOVA was used. Results show a statistically significant difference in the Web site source
between those visitors who make a reservation and those who do not (F[2, 101.19] = 20.458 p =
.000 η2 = 0.014). This hypothesis is supported and shows that 1.4% of the variances in the
number of reservations was accounted for by the source by which the visitor arrived at the
restaurant’s site.
The statistically significant Welsh ANOVA was followed up with three Games-Howell
post hoc tests to evaluate the nature of the differences between the amount of time spent on the
Web site. A significant difference in the number of reservations made between visitors that
arrived directly at the site by typing in the site’s address (M = 0.09) and those that arrived at the
site after an Internet search (M = .00) but no difference between any other Web site traffic
source. This shows that significantly more reservations were made by guests who visited the
site directly than those who arrived as a result of a Web search.
the three sources are reported in Table 27.

The pairwise differences for
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Table 28. Number of Reservations and Traffic Source
Dependent Variable: Number of Reservations
Games-Howell
95% Confidence Interval

Mean
(I) Source

(J) Source

Direct (M =

Search

0.09)

Social Media

Difference (I-J) Std. Error

Lower Bound

Upper Bound

.000

-.10

-.05

.061

.142

-.27

.03

.012

.000

.05

.10

*

.012

-.118
*

-.075

Sig.

Search (M =

Direct

.075

0.00)

Social Media

-.043

.062

.768

-.19

.11

Social Media

Direct

.118

.061

.142

-.03

.27

(M = 0.06)

Search

.043

.062

.768

-.11

.19

*. The mean difference is significant at the 0.10 level.
M is Mean’

Hypothesis 4a: A positive relationship was observed between guest checks and site visitations.
Guests were asked to record their total individual check (dependent variable) and indicate
if they have visited the restaurant’s site before dining at the restaurant (independent variable). A
t-test was conducted to assess the difference check average between guests who have visited the
restaurant Web site and those who have not. The results of the analysis show that those guests
who visited the restaurant site (N = 74) had a higher average check (M = 37) from those that did
not visit it (M = 29, N = 104). Therefore, this hypothesis is supported. The assumptions of
homogeneity of variances were tested using Lavene’s F test, F(176) = 7.5, p = 0.007 but not
satisfied. Therefore the significance level for equal variances not assumed was used, showing
that the difference in average checks between the two groups was statistically significant at the
0.10 significance level, t(121) = 1.87, p = 0.064. Table 28 shows these results.
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Table 29. Guest Check and Web Site Visitation
Levene's Test for Equality of
Variances
Guest Check

Equal variances

F

Sig.

7.530

t

df

.007 1.985

Sig. (2-

Mean

tailed)

Difference

176

.049

7.8926767150

1.870 121.480

.064

7.8926767150

assumed
Equal variances
not assumed

Hypothesis 4b: A positive relationship is found between time spent at the restaurant and time at
Web site visitation.
Guests were asked to calculate and record the total time they spent in the restaurant in
minutes (dependent variable). This time was tested against Web site visitation (independent
variable) to determine if differences existed between guests who visited before their visit and
those who did not. An ANOVA was conducted to assess the difference between the two groups.
The assumption of homogeneity of variances was tested and satisfied using Levene’s F test, F(1,
197) = 0.007, p = 0.934.

Although the mean for time spent at the restaurant was higher for

those that had visited the site prior (M = 69.66) than those that did not (M = 68.62), no
significant difference was observed (F = 0.082, p>0.10). Therefore this hypothesis is not
supported. Table 29 shows the results of the ANOVA.

Table 30. Time Spent at Restaurant and Web Site Visitation
Variable
Visit Web Site and Time spent at
restaurant

Sum of
Squares
52.462

mean
Square

df
1

52.462

F

Sig
0.082

0.775
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Hypothesis 5a: A positive relationship is found between guest checks and number of
reservations made online.
To test the impact of the online reservation system involved asking guests to calculate
their individual checks (dependent variable). and if they had made online reservations
(independent variable). An ANOVA was conducted to assess the difference between the two
groups. The assumption of homogeneity of variances was tested and satisfied using Levene’s F
test, F(1, 176) = 0.159, p = 0.691. Although guests’ check average was $8.10 higher for those
who had made an online reservation (means = 31.34 and 39.44), no statistically significant
difference was found (F = 1.899 p> 0.10). This shows that making a reservation online had no
influence on the amount of money a guest spent at the restaurant. Therefore this hypothesis is
not supported. Results of the ANOVA are shown in Table 30.

Table 31. Average Guest Check and Online Reservation
Variable
Make online reservation and
Average guest check

Sum of
Squares

Mean
Square

df
1313

1

1313

F

Sig
1.89

0.170
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Hypothesis 5b: A positive relationship was found between time spent at the restaurant and
number of reservations made online.
The purpose was to test if making an online reservation (independent variable) influenced
the amount of time (dependent variable) a guest spends at the restaurant. An ANOVA was
conducted to assess the difference between the two groups. The assumption of homogeneity of
variances was tested and satisfied using Levene’s F test, F(1, 197) = 1.33, p = 0.250. The
Results of the comparison showed that guests who made online reservations spent an average of
77.58 minutes in the restaurant, compared with 67.87 minutes for those that did not. This 10minute difference was statistically significant (F = 3.156 p <.10). This shows that making an
online reservation increased the amount of time a guest spent in the restaurant. Therefore, this
hypothesis is supported. Table 31 shows the results of the ANOVA.

Table 32. Number of Reservations and Time Spent at Restaurant
Variable
Make online reservation and
Time spent at restaurant

Sum of
Squares

Mean
Square

df
1989

1

1989

A summary of all hypotheses and the outcome is shown in Table 32.

F

Sig
3.156

0.077
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Table 33. Summary of Research Hypotheses and Results
Hypothesis
H1a: A reduced bounce rate is associated with an
increase in the number of reservations made
online.
H1b: Different operating systems will be
associated with an increase in the number of
reservations made online.

Result
Those visitors who do not ‘bounce’ are more

Support
Supported

likely to make a reservation.
Visitors with certain operating systems are

Supported

identified as having an increase in the number of
reservations.

H1c: Different devices will be associated with an
increase in the number of reservations made
online.
H1d: Different days of the week will be
associated with an increase in the number of
reservations made online.

Visitors with certain devices are identified as

H2a: A significant difference in time spent on the

Those who spent more time on the restaurant Web

Web site, between those who make online

site were more likely to make a reservation.

Supported

having an increase in the number of reservations.
Visitors on certain days of the week are identified

Supported

as having an increase in the number of reservations.
Supported

reservations and those who don’t.
H2b: A significant difference is found in number

The fewer pages viewed on the site increased the

of pages (page-depth) visited on the site, between

chances of making a reservation.

Supported

those who make online reservation and those who
don’t.
H2c: Significant differences in the time spent

Visitors who spent more time viewing the

viewing the restaurant menu online appear

restaurant menu were more likely to make a

between those who make online reservations and

reservation.

Supported

those who don’t.
H3: Significant differences in browsing behaviors

Visitors who visited the site directly were more

and conversion outcome are found between Web

likely to make a reservation.

Supported

site referral sources.
H4a: There is a significant difference in guest

Guests who visited the restaurant spent

check average between customers who had visited

significantly more money than those that did not

the site from those who do not.

visit the site prior to dining.

H4b: There is a significant difference in time

No different in time spent at the restaurant

spent at the restaurant between customers who

appears between those guests who visited the site

visit the site from those who do not.

and those who did not.

H5a: A significant difference in guest check

No difference in guest check average between

averages are found between customers who make

those who made an online reservation and those

an online reservation and those who do not.

who did not.

H5b: A significant difference appears in time

Guests who made an online reservation spent

spent at the restaurant between customers who

more time at the restaurant than those who did

make an online reservation and those who do not.

not.

Supported

Not Supported

Not Supported

Supported
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DISCUSSION AND CONCLUSIONS

The purpose of this research is to show independent restaurateurs the value that Web site
analytics can have by providing data about the visitors to their site and the marketing
opportunities these data provide. Currently limited literature discussing Web site analytics in the
restaurant context is provided, with there being little known about the impact that a restaurant
site has on the purchase intentions and behaviors of customers in a restaurant (Narayanan &
Kalyanam, 2015). Therefore, this study is designed to offer insight into the data available from
Web site analytics and to the impact that a nonchain, nonfranchise, independent restaurant site
has on guest in-house behaviors.
Discussion of Hypothesis
Browsing Behaviors of Visitors to the Restaurant Website
Hypothesis 1 was separated into four sub hypothesis.
H1a: A reduced bounce rate is associated with an increase in the number of reservations made
online.
H1b: Different operating systems will be associated with an increase in the number of
reservations made online.
H1c:

Different devices will be associated with an increase in the number of reservations made
online.

H1d:

Different days of the week will be associated with an increase in the number of
reservations made online.
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These sub hypotheses were all supported. This means that Web site visitors who came to
the restaurant’s site and made a reservation displayed different browsing behaviors than visitors
who made no reservations. The variables tested were bounce rate, operating systems, devices,
and day of the week.

Although each business will be different, customers that convert (make a

reservation or purchase) will have different browsing behaviors. These findings are in line with
other research that has been linked to increased retention and purchase intention (Chokrasamesiri
& Senivongse, 2016). Monitoring these behaviors allows businesses to have a much better
understanding of customer and noncustomer activities that provides them with market research to
give them a competitive advantage (Van den Poel & Buckinx, 2005).
Time Spent on Restaurant Web Site
Hypothesis 2a, stated that there was a significant difference in time spent on the Web site
between those who make online reservations and those who don’t, was supported. This means
that visitors to the site who made an online reservation spent more time on the sit than those who
did not make a reservation. Specifically, those visitors who spent 15 and 30 minutes on the site
made more reservations than those with 5 or less minutes. A great amount of research time is
spent on a Web site and its relationship to conversion within the retail environment. Moe (2003)
set the stage for using several variables to distinguish between visitor types with the most basic
indicator and, an industry standard, is time spent on a Web site. (Pallant et al., 2017). Generally,
the more time spent on a Web site indicates that a customer has more interest and a deeper
consideration for the offerings of a business (Bucklin & Sismeiro, 2003; Danaher, Mullarkey, &
Essegaier, 2006; S. Li & Chatterjee, 2005; Pallant et al., 2017). The research in this study
echoes these findings.
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Within the hospitality context is little research about time spent on a Web site and its
relationship to conversion, mainly because some businesses offer fewer products (Narayanan &
Kalyanam, 2015), as one would expect in an online retail store or a shopping cart/reservation
system (Pallant et al., 2017). Furthermore, the industry lacks knowledge on the existence and
marketing possibilities of these data (Hua, 2016). Although dated, a tourism study that
monitored travelers behaviors by an analysis of (?)buying behaviors, found that those who spent
more time viewing a travel site will purchase more travel products and services (Park & Chung,
2009).
Number of Pages Visited on Restaurant Web Site
Hypothesis 2b stated that there was a significant difference in number of pages (pagedepth) visited on the Web site, between those who make online reservation and those who don’t,
was supported. This means that the fewer pages a visitor viewed on the site, the more likely a
reservation was made. Similar to the amount of time spent on a page, page-depth can help
distinguish between visitor types. It measures the amount of information a visitor accesses
during a visit (Bucklin & Sismeiro, 2003; Danaher et al., 2006). However, this variable is a
better measure of visitor depth because it eliminates the issue of Web site analytics, indicating
that a customer is using a page, but in fact is not viewing the screen (Pallant et al., 2017). Similar
to the results of this study, other research has shown that the more pages viewed resulted in a
negative impact on purchase intention; fewer pages viewed the more likely a consumer is to
purchase (S. Li & Chatterjee, 2005; Pallant et al., 2017). In the travel industry, a study of online
travel customers showed that fewer pages viewed increased the likelihood of a purchase. The
reason being that the viewer is more interested in the product being looked for and has seen the
information needed to make a decision (Park & Chung, 2009).
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Time Spent Viewing Restaurant Menu
Hypothesis 2c stated that There is A positive relationship in time spent on the restaurant
menu page and the number of reservations made online was supported. This means that the
more time a visitor spent on the menu page, the more time it may require to make a reservation.
This echoes general research to show that the more time spent on a Web site indicates that a
customer has more interest and deeper consideration for the offerings of a business (Bucklin &
Sismeiro, 2003; Danaher et al., 2006; S. Li & Chatterjee, 2005; Pallant et al., 2017). No
historical research in the area of a Web-based menu development to support this hypothesis is
found (Leib et al., 2017). However, several studies show how effective menu design influences
sales when a customer views a menu at a restaurant (Ariely & Levav, 2000; Arnould, 1998;
Magnini & Kim, 2016). A recent study (Leib et al., 2017) of Web-based menu design linked
certain design features to certain consumer behaviors, such as trust, familiarity, and ease of use.
However, purchase intention was not measured. The research instead highlighted this as a need
for future research to “prove’ effectiveness and value.
Web Site Referral Source
Hypothesis 3 stated that There is a significant difference in conversion outcome between
Web site referral, was supported. This means that the site from which a visitor arrives to the
restaurant site, is associated with the number of reservations they make. Specifically, those
customers who arrived at the restaurant Web site directly made more reservations than those who
did an Internet search.
Although the specific Web site source will vary by business type, these findings echo
related research. For example, in general terms, Pallant, Danaher, Sands, & Danaher (2017)
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found that Web site owners can predict visitor types and behaviors based on knowing the prior
URL a visitor used.
Within the tourism industry, an exploratory study aimed to predict traveler purchase
behaviors based on the way visitors access a Web site. Their research support the findings of
this study as they found that a direct link (visitor types in a Web address) versus sourcing a site
from a social site or search engine increased the likelihood of purchase and the amount a
customer spent (Park & Chung, 2009).
Although not part of this study, a well-referenced research shows that a customer
originating from an e-mail link (Ansari, Mela, & Neslin, 2008; Danaher et al., 2006) or search
engine advertisements (Danaher & Dagger, 2013) does increase online conversion.
Knowing the customer source can help a restaurant owner ‘predict’ a visitor’s behavior.
This provides them the opportunity to personalize the Web site experience based on customer
motivation and direct resources to bring more traffic from these higher conversion sites (Pallant
et al., 2017).
Guest Check Average and Web Site Visitation
Hypothesis 4a stated that There is a difference in guest check averages between
customers is significant who visit the site from those who do not was supported. The means that
guests who visited the restaurant site before eating there spent more money than those who did
not visit it. The difference in average checks was nearly $8. Research on the relationship
between online restaurant menus and purchase intentions has been quite limited (Leib et al.,
2017) with there being a call for future research to look at the link between restaurant purchasing
and Web sites (Leib et al., 2017).Published research, however, shows that an effective online
restaurant site can convince a guest to visit and contribute to a more positive dining experience
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(Kimes, 2011). A customer visiting a restaurant’s online site before a meal is purchased there
allows the restaurant to begin the ‘experience.’ Visitors are exposed to the brand, culture, and
possible personalization of their visit. In turn this creates loyalty and increased satisfaction
(Morosan & Bowen, 2017).
Web Site Visitation and Time Spent at Restaurant
Hypothesis 4b claims that there is a significant difference in time is spent at the
restaurant between customers who visit the Web site from those who do not was not supported.
This means that no difference in time is spent at the restaurant between guests who visited the
restaurant’s site before dining and those that did not. No known research on this relationship is
available, but the hypothesis was developed and was based on a similar theory to increased
guest’s check. The theory is that guests who spent time on the restaurant’s Web site may feel
more loyal to the brand (Morosan & Bowen, 2017) and thus may want to spend more time in the
restaurant. However, this has not been extensively studied, and further research is needed to
confirm these findings. One good outcome of this finding is that the time spent in the restaurant
was equal, but the check average was higher for those who had visited the Web site before
dining, showing that those who did not visit the Web are spending longer time and less money,
which decreases the chance to turn a table for someone who will spend money.
Reservations and Guest Check Averages
Hypothesis 5a states that There is a significant difference in guest check averages
between customers who make online reservations from those who do not, but it was not
supported. This means that no difference in average guest checks is found between guests who
make an online reservation and those who do not. Research in this area is scarce with there
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being a recent call for research to be conducted to test if an increased average check is associated
with an increase in an online reservation (Guo & Zheng, 2017). In the retail industry, several
studies examine the differences in customer behavior between online and offline purchases. The
results indicate that the availability of purchasing online increased purchase intentions and repeat
business (Díaz, Gómez, & Molina, 2017; Jayawardhena, 2004; Lee, Lim, Jolly, & Lee, 2009;
Wu, Cai, & Liu, 2011). Retail businesses and restaurants operate differently so, it may not be a
surprise that these results differ. It could be that guests must go to the restaurant to consume the
product and service rather than having it to their home as members of the retail industry must do.
Most restaurant research discusses online distribution systems, such as opentable.com
(Guo & Zheng, 2017). It shows that restaurant financials are positively impacted by partnering
with these third-party reservation systems (Kimes, 2011).

In other areas of the hospitality

industry, such as airlines and hotels, extensive research on the positive relationship (reservations
lead to more revenue) is available between reservations and revenue (Albers, Koch, & Ruff,
2005; Ling, Dong, Guo, & Liang, 2015; Ling, Guo, & Yang, 2014).
Reservations and Time Spent at Restaurant
Hypothesis 5b stated that a significant difference in time spent at the restaurant between
customers who make online reservations and those who do not, and it was supported. This
means that guests who made reservations on the restaurant’s Web site spent more time at the
restaurant. This finding is not supported by any hospitality related research because very little
research has been conducted in this area. However, hospitality research relating to value creation
recognizes that the life cycle of the experience does begin with making a reservation. If this
experience is positive, it will create more value for a customer (Morosan & Bowen, 2017).
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Discussion on Web Site Descriptive Data
The Google Analytical data collected from the restaurant Web site offer a vast amount of
information about their customers and that a restaurant owner can use as part of a marketing
strategy. The results of this study are significant for the restaurant site studied, but are not
necessary generalizable for other restaurant sites. Instead, the main purpose of collecting and
analyzing these data was to show the power of Website analytics and a way to explain a
methodology of using Web analytics instead of self-reported surveys (Morosan & Bowen, 2017).
This sets the stage for future research within the restaurant industry to repeat this study across
multiple restaurant types and shows how using Web analytical data can assist practitioners in
evaluating their site’s performance and increase the effectiveness of restaurant marketing (Plaza,
2011).

Nevertheless, it is valuable to discuss some of the key findings from the analytical

descriptive data.
Although the dinner menu page had a high bounce rate that indicates some visitors that do
not interact with the site (Leib et al., 2017); the number of page views on the dinner menu was
the highest; and the exit percentage on this page was 100%. This reveals that visitors seek menu
information and, if they do visit the dinner page, are not returning to the main site; they have
quite likely made their purchase decisions. Furthermore, the restaurant owner is now aware that
Saturday is the most popular day of the week for page views. A restaurateur knowing how a
visitor moves around and interacts with a Web site allows them to optimize the website for
performance and conversion (Pakkala et al., 2012). For example, the owner should ensure that
the daily specials are included on the menu page, especially on days that are popular for guests
visiting. This could entice guests to make a reservation or visit the restaurant.
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It is also important that management and owners pay attention to the type of device, software
and browser, a visitor uses to access the site. It can highlight potential compatibility issues with
the Web site. This researched showed that Apple products were the most popular device used to
gain access. It also showed that the highest number of reservations was made on Apple devices.
This could be an indication of a customer segment and a group of potential customers that are
being missed (Samsung devices, for example).
Given the number of mobile devices and their popularity, practical implications are present
for restaurant managements and owners. This study showed that 55.19% of visitors accessed the
restaurant’s site using a mobile device and accounted for the largest number of reservations
made. Research within the hospitality industry has shown that an increase has been found in the
number of products being purchased by use of a mobile device (Morosan & Bowen, 2017). If a
restaurant’s site is not mobile-compatible, a restaurant will lose potential customers. Moreover,
location-based advertising is now possible. This is when a restaurant specifically targets
customers who are within a specific geographic location. A restaurant owner could create a
campaign for users searching for a local restaurant while they are within a few miles of their
location.
Length of a session shows that consumers are making decisions quickly. The average
session for all users (regardless of device used) was 34 seconds. It is important that the
information customers are seeking is complete and accessible.
Demographic information of visitors to the restaurant’s site will likely indicate its target
market (Pakkala et al., 2012). Most reservations were made by females 18-24 years old. They
also accounted for the largest number of visitors to the site.
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Clear advertising segments allow a restaurant owner to target specific customer groups
based on their associated category. For example, the affinity categories provided by Google
shows that the highest number of reservations were made by “cooking enthusiasts” and those in
the education/post education segment. This information allows targeting online advertising at
groups further down the purchase funnel than generic no-target campaigns. The consumer will
then experience a tailored message that highly relevant to them.
Web site acquisition shows how a visitor arrives at the restaurant site. The data collected
in this research indicate that most users are looking specifically for the restaurant because they
are typing in the site’s address. This segment of visitors also accounts for the highest number of
reservations. The source data also indicate that organic search is important in driving customers
to the site and, with the second highest conversion rate (62%), is effective to convert a visitor to
a customer. Ensuring the site is fully optimized for a search engine to ensure that this group
continues to find the restaurant’s site.
Major Conclusions
The purpose of this research is to show independent restaurateurs the value that Web site
analytics can have on providing data about the visitors to their sites and the marketing
opportunities these data provide. The research objectives with their respective conclusions are
listed below.

Objective one was to explore the value and types of data available to restaurateurs about
visitors to an independent, nonchain, nonfranchise restaurant Web site. This objective was met.
The results showed that:

79


Web site analytical data are a valuable resource to independent restaurant owners
because it shows actual visitor behaviors.



Web site analytics provide restaurant owners data about site visitor behaviors, audience
profiles, visitor acquisition, and site conversion.

Therefore the major conclusion of this objective is that an independent restaurant should
invest time and effort to develop a Web site that will not only provide important information to
consumers, such as menu, meal specials, and hours of operations ,but also valuable analytical
data, including visitor browsing behaviors, conversion rates, and visitor demographics that
owners and managers can use to collect critical marketing information that can be used to
improve or even transform the restaurant’s marketing strategy.
Objective two was to determine the differences in browsing behaviors between Web site
visitors who make online reservations and those who do not.

This objective was met. The

results show that:


Visitors who make reservations on a restaurant site have different browsing behaviors
than those who do not.
o They had a reduced bounce rate; they arrived at the site and did not immediately
leave.
o Significantly more reservations were made using iOS that an Android operating
system.
o Significantly more reservations were made using a tablet device that a desktop
computer
o Significantly more reservations were made on a Friday compared to Sunday,
Tuesday, Wednesday, and Thursday
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o Significantly more reservations were made on a Saturday compared to Tuesday,
Wednesday, and Thursday


Those who spend more time on a site are more likely to make a reservation.



The fewer pages a visitor views on a restaurant site, the more likely a reservation will be
made.



Those who spent less time viewing the menu on a site are more likely to make a
reservation.



A visitor originating from Google.com or Yahoo.com, or who arrived from Yelp.com or
Facebook.com at a restaurant site, will be more likely to make a reservation.

Therefore, the major conclusion from objective two is that although what could be
represented in a different path, visitors who make reservations and those who do not will display
different browsing behaviors. Importantly, they will spend more time on a Web site and browse
fewer pages, which means they are making purchase decisions quickly.
Objective three was to evaluate if a relationship exists between site visitors and the amount
of money and time spent at a restaurant. This research study was met as the results show that:


Guests who visited before dining have a higher average check than guests who do not.



A visit prior to dining has no influence on the amount of time spent at the restaurant.



No difference is fund on average checks for guests between those who make online
reservations and those who do not.



Guests who make reservations online are most likely to spend more time in the
restaurant than those who do not.
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Therefore, the major conclusion from objective 3 is that a restaurant Web site can impact the
guest check average, but not the time a guest spends in the restaurant. Guests who make a
reservation online, however, do spend more time in the restaurant.
Practical Implications
This research shows how analytical data can be used as part of an independent restaurant
marketing strategy. Study of a sample restaurant sufficiently demonstrated the volume of data
available to restaurants owners and managers. A strong argument appears that restaurateurs
should review Web site analytical data on a daily basis as they would other ‘dashboard’ reports.
Knowing that an independent restaurant site is a powerful marketing tool that has influence
over how much a customer spends at the restaurant, the job of a restaurateur should not only be
to ensure a well-built and thought-out site, but also to get customers to visit the site in the first
place. Moreover, it is critical to see that a site has hidden data about the visitors. This valuable
data, available through Web analytics, could be overwhelming to someone trying to make sense
of it. The task of deciding which data points are most important could be a daunting and timeconsuming task for a busy restaurant manager. The researcher wanted to propose a practical
‘smart data’ (the most important items) model that a practitioner can use to make sense of the
‘big data’ available. This model is shown in Fig. 1.
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at when reviewing their
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on website
website data. These
are explained below.

Pages Viewed

Figure 1. Smart Data Model for Independent Restaurant Analytics: Key indicators of behaviors
associated with increased number of reservations

The model shows four attributes that increase the number of reservations made on an
independent restaurant site. These four data points should be the starting place for a restaurant
manager. The job of the restaurant owner is to develop and manage a site that will encourage
these browsing behaviors. A high bounce rate indicates that a customer is immediately not
interested in the content found, so they have left. Therefore a restaurant site must ensure that
when customers arrive there, they will not bounce by ensuing that the most important
information is immediately available. Tracking where the source and devices used of the traffic
associated with the highest bounce rates can indicate a pattern and a possible source of a
problem, such as the device that was used to access the site is not rendering the site correctly.
A manager and owner will also want to monitor time spent on the site and restaurant menu
page. The less time spent on the site or menu pages results in a lower number of reservations.
This implies if guests are finding value in what they see on the menu page and the Web site they
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will spend more time and then. The bottom line is that the more time a visitor spends viewing
the menu and browsing the website they more likely they are to make reservations so it is the job
of the restaurant to give the customer reason to stay. Careful placement (menu engineering) of
popular/signature menu items at the top of the menu page will help guests make a positive
decision and reduce the likelihood of them leaving. Also reducing the number of pages of the
website will eliminate visitors ‘over-browsing’ and losing interest. Additionally, the tactics
used to reduce the bounce rate, such as showing relevant information, can also be used here.
Paring the data with Web site source, device used, operating system, and days of the week used
to access the site can indicate patterns that may provide points for further investigation. For
example, if a site visitor is spending less time viewing the site on a mobile device compared to a
desktop, it could indicate that the site is not mobile-compatible or easy to use on a mobile device.
Monitoring page views will also be an important starting point for restaurateurs. Because a
reduced number of Web site pages viewed resulted in a higher number of reservations made, the
restaurant must think carefully about the site’s platform and design. One important consideration
is making sure that a search engine properly indexes the site so that customers can land directly
on its page of the site that most interests them. Furthermore, looking at the design of the site to
incorporate a scrolling page rather than short and separate pages will reduce the number of pages
available to the site visitors.
Other practical implications that restaurant owners and managers can learn and utilize is
available from this research.


Since it was found that a customer who visits a restaurant Web site prior to dining has a
higher average check, a restaurant owner should find ways to encourage customers to
visit the site. This can be done in many ways. For example, the restaurant could offer an
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incentive for all guests who visit the site, such as a chance to win a gift card, a free
dessert, discounts on merchandise, or a coupon for them to visit the restaurant. All of
these incentives create value for the customer. They should also ensure that the site is
updated as often as possible with menu features, information, and promotional items so
that customers continue to have reasons to return to it. A more exciting suggestion could
be to create an online interactive game or a place where customers can make menu
suggestions and share ‘memories’ of their meal.


Owners should collect e-mail addresses from as many customers as possible. This will
allow the business to contact customers about special promotions, events, and incentives
with the goal being to attract visitors to the site.



The findings show that the longer visitors stay on the restaurant site, the more likely they
will be to purchase. Therefore a restaurant owner should find ways to keep visitors
engaged on the site. Several methods will help to accomplish this. For example, having
up-to-date images and videos for guests to browse will keep visitors engaged and give
them a reason to return. More exciting ideas could include a live webcam for customers
to view the kitchen or staff making cocktails at the bar, a place where they can view
videos about the restaurant, or up-to-date pictures of activities in the restaurant.
Furthermore, a Web site should be as interactive as possible, allowing guests to post
comments, share experiences, and make suggestions.



Because Web site analytics is providing a large amount of valuable data about potential
customers, restaurant owners should ensure that they are collecting these data and using it
when they create marketing campaigns. As an example, if a restaurant discovers that
most visitors to its site are of a certain age or demographic, the advertising or marketing
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should reflect these findings.

It also means that an owner is able to calculate the return

on investment for any online marketing. Owners can confidently spend marketing dollars
on advertising as they will know how effective they are. They can also learn from non
converting customers. Who are the visitors? How did they arrive at the site? How long
did they spend on the site? What common characteristics do they have?


The wealth of data provided from Web analytics should also be integrated with POS
(Point of Sale) and CRM (Customer Relationship Data) databases to create more
complete customer profiles. This will allow restaurateurs to discover their most valuable
customers (measured by amount spent or frequency of visits), create clearer customer
segments, and make decision making more obvious for how to improve the operations.



The data available to the restaurant through the Web site analytics should also be shared
with employees. The manager should share data with employees at the preshift briefing.
Front-of-line staff can benefit from understanding “who their customer is.” For example,
if the Web site’s analytical data show that most site visitors in a day were being referred
from a local business site, the staff could then use this as a conversation piece when
approaching tables.



The Web analytics are calculated real-time, so that allows a restaurant manager to predict
customer demand. The business should consult the analytical data when creating
schedules and before sending staff home early. For example, if a manager sees a large
spike in site activity, it could indicate that the restaurant is about to become busy. It can
also create on-the-spot advertising to potential customers (those actively searching
restaurant options) within a geographic area. For example, perhaps the restaurant is not
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as busy as usual. The manager could push out a mobile advertising campaign with a
promotion for guests searching for restaurants at that time.


Knowing that mobile devices account for a large number of reservations and visitors to
the site, a restaurant owner must ensure that it is mobile-compatible. Guests should be
able to access information quickly and without issue on a mobile screen. If a restaurant’s
site is not mobile-friendly or designed with a mobile-user in mind, the restaurant could
lose business.



A manager can use the demographic data and location data of Web site visitors to help
craft new menu items and specials. For example, if a manager and chef may identify
visitors originating from an area in a city known for seafood, they could showcase a
seafood item to try and entice that market.



The restaurant is closed on a Monday, but should it be found that Monday is the third
most popular day on the site then this should be given some attention. Perhaps it
indicates the restaurant should be open on a Monday.

If a restaurant is closed, guests

are using the site to obtain information. This means that the restaurant’s site should
contain all information needed for a potential customer to make decisions. This would
include the ability to make a reservation and a system where customers can get
confirmation of their reservations.


Restaurateurs should know that even independent small-scale restaurants can use Web
site analytics. This is not reserved for chains or organizations with big budgets. A free
data collection tool like Google analytics can be installed and track data and use to
successfully increase market share, learn about customers, and conduct effective
marketing campaigns. If an independent restaurant owner does not understand how to
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install and use the technology, a Web analytics consultant can be hired to help setup and
support understanding of the software. Google also offers classes and online training on
the use of the Google analytics program.


Local restaurant associations and city development offices need to develop training
programs for restaurateurs to help them use and understand this technology. In doing so,
they will help support jobs and boost the local economy.
Theoretical Implications

The results of research contribute to the current body of knowledge. First is limited literature
discussing Web site analytics in hospitality and the restaurant industry (Narayanan & Kalyanam,
2015). The findings of this research answer the call for more research to be done that will help
overcome the lack of site analytical knowledge within restaurant industry. The results have
provided an alternative methodology of data collection; instead of using self-reporting studies,
Web analytics provides more accurate actual visitor behaviors (Morosan & Bowen, 2017).
Because of a lack of understanding about Web analytics in the independent restaurant
industry, more should be done to incorporate the study of analytical data as part of a marketing
strategy into hospitality curriculum. Industry trade associates should also be made aware of the
theory behind analytical data and the impact it can have on the restaurant industry.
Besides offering an insight into the type and value of analytical data, the results contribute by
listing the browsing behaviors associated with increased purchase intention. Current research
within the restaurant arena is scarce because the data are not collected and independent
restaurants do not all have online product offerings or reservation capabilities (Narayanan &
Kalyanam, 2015). The results of this research could be tested and verified by other studies.
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This research has shown that a Web site source (how guests reach a site) has an impact
on the purchase intention and decisions of site visitors. This theory is well documented in retail
journals. However, it is outdated in hospitality, last completed in 2009 (Park & Chung, 2009).
The findings of this research update these outdated results.
Perhaps the most valuable contribution to the literature is the finding that a significant
difference in guest average check is between customers who visit the restaurant’s site and those
who do not; those who visited the site had a higher average check. The current research in this
area is very limited with no known studies existing that look at independent, nonchain,
nonfranchise restaurant sites and the impact on customer spend (Leib et al., 2017).
Limitations
As with all studies, this one is not without limitation. The first limitation is that only one
independent restaurant was studied. Although the information gained in this research is
important, caution must be used in generalizing it to other restaurants. Differences will exist
between restaurant type and location. International Web sites could also produce different
results. Differences are quite likely to be seen if looking at chain or franchise restaurants. Also,
if a restaurant allows for online ordering, browsing behaviors and conversion goals could be
different. One cannot generalize the findings of this research to all restaurants.
Second, the design of a restaurant’s Web site and its responsiveness will impact the
effectiveness of the data collected. The restaurant’s site used for the collection of data in this
study was specifically designed for an optimal collection of data. Site visitors could also have
different perceptions of quality of the restaurant site based on its features. This was not
controlled for in this study.
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Third, although a significant amount of data was collected over the period studied, a
longer period of time might produce different results. Similarly, the time of year and effect of
seasonality could change the results.
Fourth, the restaurant used in the study has been in business for one year. More
established restaurants could see different results. For example, someone unfamiliar with the
restaurant may look at the Web site before dining versus one they have been familiar with for a
long time.
Fifth, the survey sample collected, although effort was taken to gather as many surveys as
possible was affected by the time of day, weather, and purpose of the trip for guests in the
restaurant. Some guests had no time to complete the survey, and on some days the restaurant
was not as busy as others because of inclement weather.
Recommendations for Future Research
The initial smart data model developed is a platform for other research to begin to test on
other data sets. The model should also be expanded to incorporate other smart data points that
are important in identifying behaviors associated with an increased number of reservations.
Future research should look at different types of restaurants and the possible differences
that exist in browsing behaviors and conversion. A larger study that collects data from multiple
restaurant Web sites would help validate the results of this research and highlight differences
between different styles and levels of restaurants. It would be of value to have several
restaurants from different areas with diverse target markets contribute to a data set.
Factor analysis could be conducted to establish what variables contribute to a conversion.
More survey data asking specific questions about browsing behaviors are recommended.

90
It is recommended that a future study collect data over a longer time. The current
research inspects visitor behavior of a 30-day period; future studies could establish a yearlong
test that would offer the research an insight into the effect of seasonality on the results.
Another study should consider the differences in check average between reservation
types; online, in person, and on the phone.
Lastly, as restaurant Web sites become more interactive by purchasing food and services
through their sites, research could be conducted that uses Google analytics to track consumer
behavior before, during, and after the purchase.
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APPENDIX

Restaurant Survey Final

Start of Block: Introduction

Dear Participants,
Thank you for agreeing to participate in this short survey. Its purpose is to understand your
feelings about online restaurant reservations. It should take less than 5 minutes to
complete. Your survey responses will be kept anonymous and confidential.

We know people

often feel pressured to respond to surveys, so we truly appreciate the time you spend helping
us. If you have questions, please feel free to contact us. In you wish, at the end of the survey
you will have the opportunity to enter a drawing for a $50 gift card

End of Block: Introduction
Start of Block: General Questions

What is the primary meal occasion while dining at this restaurant, today?

o Lunch (1)
o Dinner (2)
o Drinks (3)
o Catering Event (large party event) (5)
o Other (4) ________________________________________________
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What is the primary purpose of your visit to the restaurant today?

o Pleasure (1)
o Business (2)
o Other (3) ________________________________________________

Is this your first visit to this restaurant (East End Grill)?

o Yes (4)
o No (5)

In minutes, how long did you spend in the restaurant today?
________________________________________________________________

Display This Question:
Is this your first visit to this restaurant (East End Grill)? = No

How many times in the last year have you visited East End Grill?
▼1 (1) ... More than 20 (21)
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Including yourself, how many guests are in your party today?
▼1 (1) ... More than 20 (22)

Did you make a reservation for your visit today?

o Yes (1)
o No (2)
o No - someone else did (3)
Display This Question:
If Did you make a reservation for your visit today? = Yes

How did you make your reservation?

o Online (1)
o Phone (2)
o E mail (3)
o In person (4)
o Other (5)
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Did you order food today?

o Yes (4)
o No (5)

Did you order alcoholic drinks today?

o Yes (4)
o No (5)

Where did you sit in the restaurant today?

o Bar (1)
o Dining Room (2)
o Private Dining Room (3)
o Outdoor Patio (4)
End of Block: General Questions
Start of Block: Website Visit
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Have you ever visited the East End Grill Web site?

o Yes (1)
o No (4)
Display This Question:
Have you ever visited the East End Grill website? = Yes

Did you visit the restaurant’s Web site knowing that you would visit the restaurant today?

o Yes (11)
o No (12)
Display This Question:
If Have you ever visited the East End Grill Web site? = Yes

How many times do you recall visiting the East End Grill Web site?

o 1 (1)
o 2-5 (2)
o 6-10 (3)
o 11-15 (4)
o More than 15 (5)
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Display This Question:
If Did you visit the restaurant Web site knowing that you would visit the restaurant today? = Yes

How did you visit the Web site?

o Desktop Computer (1)
o Laptop Computer (2)
o Mobile Device (example, I-phone) (3)
o Tablet (example, I-pad) (4)
o Other (5) ________________________________________________
Display This Question:
If Did you visit the restaurant website knowing that you would visit the restaurant today? = Yes

How did you arrive at the East End Grill Web site?

o Entered Web site address (1)
o "Googled it" - Used a search engine to look it up (3)
o Clicked through from social media site (example, Facebook) (4)
o Clicked through from a restaurant review site (such as yelp) (5)
o Other (6) ________________________________________________
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Display This Question:
If Did you visit the restaurant‘s Web site knowing that you would visit the restaurant today? = Yes

What was your primary reason for visiting the Web site?

o To view the menu (1)
o To make a reservation (2)
o To send to others in my party (3)
o To look at the decor/atmosphere on the restaurant (4)
o To get address and/or phone number (5)
o Other Reason (7) ________________________________________________
Display This Question:
If Have you ever visited the East End Grill Web site? = Yes

106
Please indicate which pages of the Web site you recall visiting.
Yes - I visited this page (1)
Home Page (1)

▢

Lunch Menu (2)

▢

Dinner Menu (3)

▢

About (4)

▢

Private Dining (5)

▢

Beer Menu (6)

▢

Wine Menu (7)

▢

Whiskey Menu (8)

▢

Reservations (9)

▢

Display This Question:
If Did you visit the restaurant‘s Web site knowing that you would visit the restaurant today? = Yes
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From your last visit to the restaurant’s Web site, please slide the bar to indicate answer to
question
0

6

12 18 24 30 36 42 48 54 60

In minutes, How long did you spend on the
site? (1)
How many pages did you visit? (2)

Have you ever visited the East End Grill's Facebook page?

o Yes (5)
o No (6)
Display This Question:
If Have you ever visited the East End Grill's Facebook page? = Yes

Did you visit the restaurant's Facebook Page Web site knowing that you would visit the
restaurant today?

o Yes (4)
o No (5)
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Have you ever looked at a restaurant review site (example Yelp) to read a review about East End
Grill?

o Yes (4)
o No (5)
Display This Question:
If Have you ever looked at a restaurant review site (example yelp) to read a review about East End G...(?) = Yes

Did you visit a restaurant review site (example yelp) to read a review about East End Grill
knowing that you would visit the restaurant today?

o Yes (1)
o No (2)
End of Block: Website Visit
Start of Block: Personal Questions
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Please indicate if you use any of the following to access restaurant Web sites:

▢ Desktop computer (1)
▢ Laptop computer (3)
▢ Mobile device (example i-phone) (4)
▢ Tablet (example i-pad) (5)
▢ Other (6) ________________________________________________
Did you pay for everyone at your table today?

o Yes (5)
o No (6)
Display This Question:
If Did you pay for everyone at your table today? = Yes

What was your total check today?
________________________________________________________________

How much was your individual food and beverage check today?
________________________________________________________________
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What is your Zip Code?
________________________________________________________________

What is the highest level of education you have completed?

o Some high school (1)
o High school diploma or GED (2)
o Trade or technical school (3)
o Undergraduate college degree (4)
o Postgraduate/professional (5)

What is your gender?

o Male (1)
o Female (2)

What age are you?
▼Under 18 (11) ... 85 or older (19)
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Please indicate if there is anything you think East End Grill could do better. We would love to
hear customer feedback!
________________________________________________________________

If you wish to be included in the drawing for the East End Grill gift card, please enter your email address. If not, you can skip this question.
________________________________________________________________

End of Block: Personal Questions
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